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Abstract

Future energy systems will contain large amounts of distributed energy resources
(DER). In DER-based energy systems asset related to energy demand, supply, trans-
port, storage, conversion, and demand response will be deeply coupled. This the-
sis develops the Space-Time Energy Vector Flow Networks (STEVFNs; pronounced
“Steven”) unified asset model-generator, system design model-generator, and tool for
the optimal design of DER-based energy systems. This thesis is the first to develop a
generalized spatio-temporal asset model-generator that unifies energy demand, energy
supply, energy transport, energy storage, energy conversion, and demand response as-
sets. STEVFNs enables energy system design by co-optimizing the sizing, operation,
and location of energy system assets. It utilizes modern advancements in convex
programming and is the first to enable the optimization of energy system design
with rapid scenario assessment. It is demonstrated using a case study of design-
ing an energy system to satisfy Singapore’s hourly electricity and high temperature
heating demand using intercontinental solar and wind farms, distributed batteries,
HVDC lines, distributed ammonia storage, ammonia transport, and various conver-
sion technologies. STEVFNs is available as an open-source tool on GitHub [I] for the
co-optimization, with rapid scenario assessment, of the sizing, operation, and location
of energy system assets that can provide energy demand, supply, transport, storage,

conversion, and demand response.
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BESS Battery Energy Storage System
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GHG Greenhouse Gas

GIS  Geographic Information System
GPU Graphics Processing Unit

HTH High Temperature Heating

ISNs Industrial Symbiosis Networks
lat-lon Latitude and Longitude

LP  Linear Program

LTH Low Temperature Heating

MAED Model for Analysis of Energy Demand
NP  Non-deterministic Polynomial-time
RE  Renewable Energy

ROCm Radeon Open Compute Platform
SCS  Splitting Conic Solver

SOC State of Charge

STEVFENs Space Time Energy Vector Flow Networks; pronounced like the name

“Steven”
UML Universal Modelling Language
Other Symbols
T A dot above a quantity means the rate of change of a quantity with time.

P The symbol P with any number of superscripts or subscripts indicate DCP op-
timization parameters in the optimization language. This is also the conversion

function or cost function parameters in the asset modeller language.

Symbols with an arrow above them are vector quantities.
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Variables

At [h] Difference between the time of the source, and the time of the target node of

edges of a component.

dt [h] Operational Time Difference. This is the difference in time of the source nodes

of consecutive edges of a component.
n Efficiency
Ne ; ng Charging and discharging efficiency
P “Conversion Function” of a component.
Jg Conversion function of generalized coordinates that are curtailed.
1/7h Conversion function of generalized coordinates that are conserved.
I_i1/, Conversion function parameters.
P ¢ Cost function parameters.

Zy , Y, Generalized coordinates flowing into or out of a node that are curtailed at a

node.

Zn , yn Generalized coordinates flowing into or out of a node that are conserved at a

node.

7;;  Generalized coordinates/quantities flowing out of the source node of edge with

source node i, and target node j.

yi;  Generalized coordinates/quantities flowing into the target node of edge with

source node i, and target node j.
F Generalized Force acting on an object.
fasset Total cost of an asset.
fsizex Cost of sizing an asset/component to meet the flow at timestep t.

fsize Total cost of sizing an asset/component to meet the flows for all timesteps.



fuse’t Usage cost of operating an asset / component at timestep t.
fuse  Total cost of using an asset/component over all timesteps.
g Inequality function of a node.

h Equality function of a node.

I [A] Current flowing into a battery.

P, P, [W] Power supplied to a generalized object

P.; P; [W] Charging and discharging Power

P,.+ [W] Power supplied by a generalized object

q Generalized coordinate or generalized quantity.

@ [Ah] Amount of electrical charge in a battery.

q Generalized coordinate/quantity at timestep ¢. This is also the generalized

coordinate/quantity flowing from timestep ¢ to timestep ¢ + 1.
to [h] The time the component is operated from. It is the first operational time.
t1 [h] The time the component is operated until. It is the final operational time.
V' [V] Voltage

T, gowr Flow of generalized coordinate/quantity out of the source node of an edge.

This is also referred to as the flow of an edge.

Y , ¢in Flow of generalized coordinate/quantity into a target node of an edge. This

is given by the conversion function of the edge.
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Chapter 1

Introduction

This thesis addresses the core research question:
“Can a generalized spatio-temporal asset model-generator be developed and utilized

to optimize the sizing, operation, and location of energy system assets?”

1.1 Context of Research Question

Combating climate change is one of the biggest challenges of our time [2]. To minimize
the impact of climate change, society needs to limit its cumulative greenhouse gas
(GHG) emissions until it reaches net zero GHG emissions [3]. According to 2022 CAIT
database [4], energy end-use and Service{] accounted for 76% of global GHG emissions
in 2019. The world is and will be reducing these energy related GHG emissions by
using large amounts of renewable energy (RE) to satisfy its end-use energy service
demands. Unlike fossil-based energy generation technologies, the most effective RE
technologies produce electricity that is distributed, and intermittent [5, [6]. These
RE technologies are thus also referred to as distributed energy resources (DER). The
future energy system will thus be very different from the past and current fossil-based
systems. New methods will therefore be needed to optimally size and operate assets
that form these new energy systems. This thesis refers to the sizing, operation and
location of assets that perform different functions of an energy systems as the “design”

of an energy system.

'Energy end-use and services refer to the uses of energy such as for heating, cooling, transport,
lighting, computing, etc. When the use of energy is a form of energy such as heat, then it is referred
to as an "energy end-use”. When the use of energy is not a form of energy such as passenger
transport, it is referred to as an ”energy service”.



These new methods required for energy system design can be split into “models”,
“model-generators”, “modelling principles” and “tools”. In this thesis, a model refer
to a mathematical representations of an entity such as a physical object, process, sys-
tem, concept. Examples of a model include I?R losses in a wire; the constraints and
variables representing a battery with no losses; and the zero-order models of energy
systems of countries in the OSeMOSYS starter kits [7]. A model-generator refers
to a framework that can be applied to systematically generate a model. Examples
of model-generators include OSeMOSYS[8], MARKAL/TIMES[9, 0], PyPSA[LI],
MAEDJ12], and MESSAGE[13]. A model-generator consists of multiple underlying
modelling principles which determine the entities they can generate models for, the
descriptive richness of the models they generate, and how the models they generate
can be used. Modelling principles include Newton’s Laws; Lagrangian or Hamiltonian
Dynamics; Quantum Mechanics; Linear, the use of convex, or non-convex functions;
and visualization, accounting, simulation, or optimization. A tool is an implementa-
tion of a model-generator as usable software and/or hardware; this provides a user
interface (UI) and user experience (UX), even if very basic, with which to generate
models. Examples of tools include the opensource OSeMOSYS code[I4] and its in-
terfaces: clicSAND([15], MoManI[16], and otoole[17]; and MARKAL/TIMES[18] and
its interface VEDA[I9].

1.1.1 Coupled Functions of an Energy System

Unlike the past and current fossil-based systems, the problems of energy demand,
supply, transport, storage, conversion, and demand response are deeply coupled in
the design of DER based energy systems.

Urbanization is causing global energy demand to become more spatially concen-
trated. However, global DER is spatially distributed [5, [6]. Thus, increasing DER
penetration (i.e. the fraction of electricity produced from DER) will mean that fu-
ture global energy supply will be distributed, unlike fossil-based power plants. The
energy usage of a city grows approximately linearly with its population. However,
because cities can and do spread vertically, the population (and thus energy usage)

grows super-linearly with the area occupied by a city. However, the amount of DER



supply in a city is proportional to its area. Thus, as cities grow, their energy usage
will outgrow their DER supply.

Furthermore, various cities also have geo-political boundaries that limit the max-
imum amount of DER resource they can extract from their surroundings. Prime
examples of these are city-states such as Singapore, which can only supply 10-20%
of its energy using DER even if they utilize all available area (including rooftops and
water bodies) [20]. Thus, future cities will need to extract from DER that are located
very long distances away, in other countries or even other continents. This thesis
refers to DER that are located very long distances away as long-distance DER farms.
Future energy systems will have significant amounts of long-distance DER farms. The
future energy system thus needs to move energy in space, or equivalently, transport
energy from one location to another location.

We cannot control when the wind blows or when the sun shines. This means that
there will be a mismatch in time between when energy is demanded and supplied.
The societal value of lost load, especially of electricity demand, is very high. The
future energy system thus will require energy to move in time. This may be done by
energy storage or demand response.

In 2020, electricity only accounted for 20.5% of global final energy consumption
[21]. Thus, without any fuel switching, even if all electricity is produced from DER,
most energy related emissions will still remain. This is because there is a mismatch
in type between the form of energy that is generated and used. The future energy
system thus needs to move energy in type, or equivalently, convert energy from one
form to another form. This will allow the energy system to satisfy non-electrical
end-use energy services using electricity generated from RE; this is also known as
electrification.

The energy system performs a set of functions, such as generation, use, and move-
ment in space (transport). Assets in an energy system can perform one or more of
these functions, sometimes concurrently. There is a minimum and sufficient set of
functions that can describe all functions of an energy system; this is referred to as
the “basis functions” of an energy system. There may be multiple sets of basis func-

tions of an energy system. However, given the way energy systems are evolving, it



is unclear which set is useful to describe assets of an energy system for the optimal
sizing and operation of these assets.

The functions of fossil-based energy systems are sufficiently decoupled. The assets
that perform these functions can thus be sized quasi-independently of each other.
However, in DER-based energy system, these functions, and thus the problem of
sizing and operating these assets, will become deeply coupled. The ideal size of one
asset will affect the ideal size of other assets. Thus, the future energy system needs to
be designed holistically by considering all functions and assets of an energy system,
concurrently.

Existing energy system design models are specialized to handle a subset of the
functions or assets of an energy system. To design future energy systems, models for
all types of assets and functions are required to work together. Efforts have been made
to patch existing bespoke models together. However, these “patchwork” models are
either too computationally intensive (because they need to undo the assumptions that
make them so efficient), or make overly simplistic assumptions. This thesis takes a few
steps back to observe the problem with a wider prospective, and uses concepts from
theoretical physics to build a unified, generalized spatio-temporal asset model that
can describe all types of energy system assets and functions. This unified asset model
will lay the basis about how and where to simply energy system design problems in
a systematic and modular manor while ensuring the results are accurate enough to

still be useful.

1.1.2 Co-optimization of Sizing, Operation, and Location

Compared to fossil-based energy systems, the deep coupling of the functions of DER
based energy systems, create additional flexibility in the operation of their energy
system assets. Thus, the way assets are operated affects their optimal sizing more
strongly in DER based energy systems. Similarly, the sizing of the assets in a DER
based energy system affects their optimal operation more strongly as well. Finally,
the location of these assets affects their sizing and operation, and vice versa. Thus,
to design DER based energy systems, it is even more important to co-optimize the

sizing, operation, and location of the energy system assets.



1.1.3 Optimization for Scenario Assessment

When performing a “case study”, the optimal energy system design depends on the
efficiency and cost assumptions of its constituent assets, as well as the latitude and
longitude of the location of these assets; these are referred to as “scenario assump-
tions”. There are uncertainties in future scenarios. Thus, future energy system design
requires assessing how the optimal energy system design is affected by scenario as-
sumptions.

There are various ways to classify energy systems modelling in the literature such
as accounting, simulation, optimization, and top-down and bottom-up models. One
way of classifying these models is by their workflow for scenario assessment. There are
two traditional types of workflows for scenario assessment: simulation and optimiza-
tion. Simulation workflows use tools such as MAED-2 [12, 22], LEAP [23], which are
quick and accurate. This allows the testing of a scenario every few minutes. However,
simulation tools only simulate a specific size and operation of assets at each location.
This may not be the optimal when the scenario is changed. Simulation workflows
thus overestimate the true cost of the optimal energy system design for any given
scenario.

Optimization workflows, used by tools such as OSeMOSYS [8] and MARKAL/TIMES
[9], which can find the optimal design and operation given a specific scenario. How-
ever, these optimization tools take a much longer time to run by definition as they
have to perform one or multiple ”simulations” in each iteration, and multiple it-
erations before they find an optima. These optimization tools thus have to make
assumptions to simply the problem and reduce the computational burden and thus
time taken to solve. Even after these simplifications, for large systems, traditional
optimization workflows can take hours or days to test one scenario. Often in the
scenario assessment process, one scenario needs to be assessed to determine the next
scenario to test. This makes traditional optimization workflows unsuitable for quickly
testing a large number of scenarios.

There have been recent advancements in convex optimization that allow the re-
optimization of problems with the same “structure” but different “parameters” in

fractions of the time taken to run the original optimization problems. This is done by



defining convex optimization problems in a language called Disciplined Parametrized
Programming (DPP) [24]. DPP is an extension to another language for describ-
ing convex optimization problems called Disciplined Convex Programming (DCP)
[25, 26]. DCP and DPP have also been implemented as an open source convex op-
timization modelling package in the Python programming language called CVXPY
[25]. DCP and DPP increase the time taken to perform a convex optimization prob-
lem the first run. They however reduce the time taken to perform the optimization
again for different parameters by up to orders of magnitude. This opens up the pos-
sibility of making a model-generator and tool that can enable a new workflow that
can combine the functionality of traditional optimization tools with the workflow of

traditional simulation tools.

1.2 Scope
Functions and Assets of an Energy System

This thesis aims to elucidate the objective techo-economic functions of an energy
system. This thesis does not aim to model or assess the socio-political functions of an
energy system. Policy makers may utilize the techo-economic implications from this
thesis and compare it with their own evaluations of the socio-political aspects of the
energy system. This will allow for a systematic approach to whole systems thinking
and assessment.

This thesis considers the following set of energy system assets:

1. Energy Demand Assets: These are assets that use energy to satisfy some end-use

demand or service.

2. Energy Supply Assets: These are assets that generate, or extract energy from

the surroundings.

3. Energy Transport Assets: These are assets that move energy from one location

to another.

4. Energy Storage Assets: These are assets that store energy and thus move energy

from one time to the next time.



5. Energy Conversion Assets: These are assets that convert energy from one form

to another.

6. Demand Response Assets: These are assets that shift the demand, or use, of

energy either to the future or the past.

This thesis considers the set of techo-economic functions of an energy system that

can describe the functions of these six types of assets.

Optimal Sizing, Operation, and Location of Assets

In this thesis, energy system design refers to the sizing, and operation of assets at
various locations in an energy system. The sizing of these assets at a specific location
includes “zero sizing”, i.e. not using the assets. This thesis considers the design of an
energy system as a whole. It thus considers the combined optimal sizing, operation,
and location of all the assets of an energy system, where each of these assets can affect
the sizing, operation, and location of other assets. Even though the thesis considers
the co-optimization of sizing, operation, and location of assets in an energy system,
the optimal sizing of assets at various locations is the primary objective; the optimal
operation is considered because it affects the optimal sizing of assets.

In this thesis, the optimal energy system is the energy system that minimizes the
economic cost of the system, or equivalently maximizes the economic welfare of an
energy system. It does not refer to hierarchical system assessments. It also does not
refer to multi-criteria assessments. If a system does have multiple criteria, they can
be considered by normalizing or internalizing them as an economic cost (or welfare).

Leonard [27] splits energy system design into three main stages: the preliminary
stage, feasibility study, and the final design stage. The preliminary stage checks if a
problem is worth trying to solve. The feasibility study finds the best way to solve the
problem. The final design stage is used in the execution of the energy system design

plan. This thesis focuses on the feasibility study stage of energy system design.



1.3 Thesis Structure

The core question the thesis addresses is:
“Can a generalized spatio-temporal asset model-generator be developed and utilized

to optimize the sizing, operation and location of energy system assets?”

1.3.1 Thesis Subquestions

To address the core thesis question, the thesis sequentially answers the following

sub-questions in their respective chapters:

1. What are the minimum and sufficient theoretical basis functions of all assets in
an energy system, and can these functions be used to create a unified model-

generator of assets? (Chapter [3)

2. Can a model-generator of energy system design problems be developed, that uti-
lizes the unified model-generator of assets, to co-optimize the sizing, operation,

and location of real assets? (Chapter |4)

3. How are models for real-world assets generated from traditional data using the

model-generators? (Chapter [5)

4. Can the model-generators be implemented as an easily accessible tool? (Chapter

&

5. How do these model-generators and tool yield insights into real world energy

system problems? (Chapter (7))

1.3.2 Thesis Roadmap

The rest of the thesis addresses the core thesis question and is structured as fol-
lows: Before the core thesis question is addressed, the gaps in the literature that the
model-generator for assets, model-generator for energy system design problems, and
tool presented in this thesis need to be identified. To do this, Chapter [2| presents
a portrait of the current energy system modelling methods classified by their pur-
pose, complexity, and optimization problems they consider. The major motivation of

the framework that the thesis presents can be viewed as the need to more effectively



translate the optimal design of energy system into a mathematical optimization prob-
lem. This is done by having an intermediary unified asset model-generator that can
build models to represent the physics of any asset that can perform any combination
of the basis functions of the energy system. Chapter [3| develops this intermediary
model-generator as a generalized spatio-temporal asset model-generator. It uses the-
oretical physics concepts such as generalized coordinates and movement of quantities
in time to unify all types of energy system assets. In doing so, it also elucidates
a useful set of basis functions of an energy system. Chapter [] then uses this asset
model-generator to develop a model-generator for optimal energy system design. This
system design model-generator consists of three “languages” and translations between
these languages. It uses the asset model-generator as an intermediary “asset modeller
language” to translate the description of an optimal energy system design problem in
a simple “system designer language” to a description as a mathematical optimization
problem in the “optimizer language”. This theoretically proves that solutions exist for
generating models for all energy system asset using the model-generators; however, it
does not find these solutions. Chapter [5| finds some of these solutions by generating
models for eleven classes of real world energy system assets in the framework. This
generates models for these assets from traditional data. Chapter [6] implements the
model-generators into an open-source python tool that utilizes CVXPY. Chapter
finally demonstrates the tool by performing a hypothetical case study to design an
energy system for Singapore. This demonstration provides a stress test to validate
system dynamics of the energy system model generated by the model-generators and
tool. The energy system in the case study satisfies Singapore’s hourly electricity and
industrial high temperature heating demand using intercontinental solar and wind
DER farms at up to three locations around the world. The energy system moves en-
ergy in space, time, type using distributed batteries, ammonia storage, HVDC lines,
ammonia transport, and various energy conversion technologies. Chapter [§| concludes
the thesis by summarizing the contributions the thesis makes to knowledge. It fi-
nally charts out future research questions that researchers can try to tackle using the

instruments that this thesis provides.



Chapter 2

Literature Review

Authors in the literature have classified energy system model-generators and models
based on various aspects such as purpose and technology types included [28]. This
chapter introduces a new classification that links the models in the literature based on
their purpose, modelling complexity, and the underlying mathematical optimization
problem they solve. This classification is shown in figure 2.1} This new presentation
of the literature identifies a gap in the literature for a system design model-generator
for optimal sizing and operation of energy system assets for scenario assessment. It
also highlights a unified asset model-generator for energy system assets as a path to
filling that gap.

The purpose of energy systems models and their model-generators can be split
into four types; these are discussed in Section [2.1 These model-generators have
various degrees of modelling complexity breadth and depth; these are discussed in
Section The optimization problems that these model-generators involve can be
categorized based on the type of optimizations problem, and the methods used to
tackle them; these are discussed in Section[2.3] Finally, Section[2.4] presents the gaps
in the literature that this thesis fills.

2.1 Purpose

Energy system models are built to fulfil various purposes. Figure shows how
energy systems model generators can be categorized based on the purpose of the
models that they generate. These can be split into four main types The first type

is visualization and accounting. The second type is the simulation. The third type
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Figure 2.1: Classification of energy system model generators. Energy systems model
generators can be split based on their purpose and the modelling complexity of their
assets. They can also be split based of the type of optimization problems and solution
methods they employ.

Energy System Modelling

is operational decision support. The final type is planning or investment decision
support. Some model-generators may have multiple purposes, but they generally

have one main purpose.

2.1.1 Visualization and Accounting

One main purpose of energy system modelling is to visualize and account for various
aspects such as energy, fuel, cost, emissions etc. Other than the generic graphs and
bar-charts, there are two main models for energy visualization and accounting: Sankey
diagrams, and energy balance tables. Sankey diagrams are useful for visualizing
flows of quantities by representing the quantity of flow as the thickness of arrows.
Sankey diagrams were first used by Sankey (after which the diagrams were named) to
visualize the efficiency of steam engines [29]. Sankey diagrams are used by the IEA
[21] to visualize flows of energy. Sankey diagrams are also widely used in to represent
various quantities such as energy, emissions, costs, and materials in industrial ecology
[30]. Energy balance tables are useful for accounting for fuel conversions and usage
by various energy sectors. The IEA [3I], IPCC [3] and various countries such as

Singapore [32], currently use energy balance tables to account for fuel usage and thus

11



‘ Energy System Tools Purpose ’

l
{ { ! v

Visualization ‘ Operation Decision Support ’ Investment Simulation

and l Decision

Accounting Support

_>{ Cost Optimization
Sankey _>{ Forecast Scenario
Diagram | Testing
ili Feasibilit
Energy »[ Stability —
Balance L, Sensitivity
Table ~>[ Security -»[ Final Stage ] Analysis

Figure 2.2: Classification of energy system model-generators based on their purpose.
This thesis deals with the feasibility study in investment decision support with sce-
nario testing, measured using cost optimization.

carbon emissions. Visualization tools are useful for studying and presenting results

and are thus used as aids alongside other energy system tools.

2.1.2 Simulation

A multitude of energy system model-generators perform some sort of simulation of
future energy usage, cost, emissions, etc. These run very quickly and can be very
complex. Some of these simulations are performed for scenario testing. They change
policy decisions and simulate the economic, technical, or environmental impact of
these policy decisions. Examples of model-generators that generate models to simu-
late future energy systems include AURORAxmp [33 34], MAED-2 [12] 22], LEAP
[23] and LOADMATCH [35]; a more comprehensive list is compiled by Ringkjgb et
al. [28]. Bussar et al. [36] for example, perform multiple simulations with different
future assumptions to perform a sensitivity analysis on the impact of renewable en-
ergy integration on storage demand. Simulation tools are useful for understanding
the robustness of the simulated impact to uncertainties in future predictions.
Various energy system model-generators that provide decision support also sim-
ulate energy systems. However, as their main purpose may not be simulation, they

may not be able to use very complex asset models. For example, models that perform
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optimization need to simulate energy systems multiple times, they thus need to be
simpler to be able to be run in reasonable time. Energy systems models that are built
for the main purpose of simulation do not have that restriction and can be a lot more

complex.

2.1.3 Operational Decision Support

Various energy system model-generators build models for operational decision sup-
port. For example, Pereira et al, [37] and Monticelli et al. [38] perform optimal
control of energy systems to increase the security and reliability of the grid, minimiz-
ing the risk of grid instabilities. Soroudi et al. [39] optimize energy system operation
using Direct Current Optimal Power Flow (DCOPF) purely to minimize the cost of

operation.

2.1.4 Planning Decision Support

Some energy system models and their model-generators support in planning or in-
vestment decisions. Leonard [27] splits energy system design and planning into three
main stages: the preliminary stage, feasibility study, and the final design stage The
preliminary stage is a very basic stage to see if a certain problem is even worth
solving. The preliminary stage is usually performed by basic “back-of-the-envelope”
calculations and rarely need specific energy system models. It checks if a problem is
beneficial to solve and if tools exist to solve the problem.

The feasibility study is a much more complex study that assesses the various
strategies to solve an energy systems problem. This could include the types of various
assets needed to tackle an energy system problem. These include simulation tools such
as MAED [22],[12] and LEAP [23], and optimization tools such as OSeMOSYS [§] and
MARKAL/TIMES [10, ©]. This thesis mainly focuses on energy models intended for
feasibility studies.

Once the strategy is finalized in the feasibility stage, the final design stage irons
out the details of how to execute the strategy. AutoCAD [40] and Revit [41] provide a

13



deep technical plan of the exact size and brand of assets. Monday.com [42] and Bam-
booHR [43] provide timeline and manpower management for building the projects.

Powerfactory [44] can be used for accurate power systems analysis of grid designs.

2.2 Complexity

Energy system models and their model-generators in the literature can be categorized
based on their modelling complexity. Figure [2.3|shows how energy systems models in
the literature can be categorized based on their model complexity. The complexity
consists of their breadth (fidelity) and depth (accuracy). The modelling breadth or
fidelity of a model is the range of effects or processes that a model considers. The

modelling depth is the accuracy of the various effects that a model accounts for.

Depth <—iModeI Complexity }—»‘ Breadth

\
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Y
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|
Physics Data
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Figure 2.3: Classification of model complexity of asset models in the literature.

2.2.1 Breadth of Modelling Complexity

In the context of an energy system, the breadth of modelling complexity includes the
types of energy system assets: usage/demand, generation/supply, transport, storage,
conversion, and demand response. The breadth of modelling complexity also includes

the types of potential costs and the spatio-temporal coverage.

Energy System Asset Types

Figure [2.3| shows the classification of energy system asset types considered in the

literature. There are six main energy system assets. The first type of an energy
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assets are energy usage or energy demand assets. This demand is met by the second
type energy system assets: energy generation or energy supply assets; these extract
energy from the surrounding. However, as energy may not be produced at the same
time as it is demanded, it needs to be stored; this is done by energy storage assets, the
third type of energy system assets. The energy may also be produced at a different
place than where it needs to be consumed. It thus needs to be transported from one
place to another; this is done by the fourth type of energy system assets, transport
assets. There may also be a mismatch between the type of energy supply and demand.
The energy thus needs to be converted from one form to another; this is the fifth type
of energy system assets, energy conversion assets. The sixth and final type of energy
system asset is demand response assets. Emergy systems models in the literature
account for a combination of these types of energy system assets. These are treated
as different problems, and thus, not all energy system model and model-generators
account for all types of energy system assets.

Figure shows the classification of usage assets modelled in the literature. The
types of usage assets modelled in the literature can be categorized based on the
demand sectors they account for, the end-use energy and services they simulate,
and the types of market they consider. The TEA energy balance tables [31] and
Sankey diagrams [21] split demand into different sectors such as industrial, transport,
commercial and residential. These are particularly useful for models whose main aim
is accounting and visualization. However, the sector does not affect the physics of
assets. The same sector can have different types of assets, and different sectors can
have the same type of asset.

End-use energy and services are the type of energy or service that is ultimately
consumed by consumers. These can be split in various ways in the literature. This
thesis uses the categorization used in the MAED methodology with some changes. [22),
12]. End-use energy and services are split into electricity, cooling, low-temperature
heating, high-temperature heating, passenger transport, and goods transport. The
MAED methodology splits end-use heating into low, medium and high temperature
heating; this is based on the technologies required for those end-use services. This

thesis splits heating into low and high temperature heating because low temperature
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heating can be provided by heat pumps, while high temperature heating cannot. This
means that the coefficient of performance (COP) of high temperature heating is close
to one, and the COP of low temperature heating is much higher (3-5) |45} 46, [47].

The types of markets considered in the literature can be split based on their
complexity. The simplest models have no markets [2§], i.e. they have fixed demands.
These are sometimes referred to as perfectly inelastic demand, or sometimes just
inelastic demand [48, 49, 50, 51]. Some model-generators can generate models that
consider the effects of the invisible hand and market equilibrium, but treat markets
separately, i.e. they consider the state of other markets as constant while finding the
equilibrium of the current market. These are called partial equilibrium models [9, [10].
MARKAL/TIMES is an example of partial equilibrium model-generator [9]. More
complicated economic models consider the effects of one market equilibrium on other
markets, simultaneously. These are called computable general equilibrium models [52,
53, 64, B5]. Attempts have been made to link multiple model-generators together to
account for nonlinear effects such MARKAL-MACRO [56]. MACRO is a non-linear,
top-down optimization model-generator to simulate aggregated economic activity,
while MARKAL is a linear bottom-up optimization model-generator for long term
energy system design at least cost. However, as models built by both model-generators
perform optimization with different assumptions, this leads to inefficient optimization
and thus a dramatically increased optimization time. The linking also make it difficult
to study the computational complexity to find ways to increase optimization efficiency
or make good approximations or reduce computational time.[57] Some energy system
models in the literature go one step further and propose novel markets such as reserve,
merit order, or distributed price signalling markets [58] 59, 60].

Figure [2.5] shows the classification of energy generation assets considered in the
literature. Energy cannot be created or destroyed, thus generation assets do not cre-
ate energy. Generation assets instead can be viewed as assets that extract energy
from the surrounding. The types of generation or supply assets considered in the
literature can be split based on the technology and the approach to simulating that
technology. The technologies considered in the literature are either conventional gen-

eration technologies (such as power plants) or renewable generation technologies (such
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Figure 2.4: Classification of usage or demand assets in the literature.

as solar, wind, and water). While almost all energy system models in the literature
model conventional generation [28], some model-generators such as LOADMATCH
[61] explicitly only model renewable generation technologies as they are designed to
model energy systems with 100% renewable energy. There are two main approaches
to modelling these generation assets, the first is to model single assets, while ignoring
the processes and materials used to build, extract or retire the assets. The second
approach is the use whole system modelling or lifecycle assessment (LCA) [62]. In
this, the whole lifecycle of a process, and the material flows surrounding an asset are
considered, i.e. from “cradle to grave” of an asset. In the context of energy systems,
LCA models would, for example, include the extraction of materials used to build
the power plant, the extraction of fuel used in the power plant, and even the fuel and
materials used to retire the power plant, including recycling, waste management, etc
63, 64, 165, 66, [67].

Figure [2.6| shows the classification of energy energy storage assets considered in
the literature. These may be divided based on the type of energy they store, i.e. into
chemical, thermal, mechanical, electrical, and gravitational energy storage systems.
Chemical energy storage systems include conventional batteries [68] 69] [70, [71], flow

batteries [72], or chemical energy vectors such as hydrogen and ammonia [73]. Me-
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Figure 2.5: Classification of generation or supply assets in the literature.

chanical energy storage systems include compressed air energy storage systems [74]
and flywheels [75], [76]. Electrical energy storage systems include capacitors [77] and
inductors [78]. Capacitors, inductors and flywheels usually store very little energy
and charge and discharge completely in very little time; they are thus traditionally
used for frequency response or frequency balancing [79]. However, there are special
types of flywheels [80], super-capacitors [81], and superconductive inductors [82] that
work at longer timescales and store more energy. The last, but certainly not the least,
is gravitational energy storage systems. The most prominent type of gravitational en-
ergy storage system is pumped hydro [83]; they make up 42% of currently installed
energy storage systems around the world (by energy capacity) [84].
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Figure 2.6: Classification of energy storage assets in the literature.

Some models in the literature also account for demand side management, or de-
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mand response models [85], 86, 87, [88]. Figure shows the classification of demand
side management assets considered in the literature. Some of these demand responses
delay usage of energy when energy is not available [89, 90]. Some use earlier usage
such as when there is a surplus in supply, or when supply is cheaper [28]. Some of
the literature consider indirect forms of demand response such as by flexible space or
water heating or cooling [91} [92].

Various authors in the literature try to make links between demand response and
energy storage. Some treat them separately and discuss the similarities and differences
between them [93], 28, 94, [95]. Huang et al. also classify energy storage and demand
response of various energy types together as “integrated demand response” [96]. Some
have started to describe demand response and energy storage as movement of energy
in time [28]. However, to the best of our knowledge, demand response and energy
storage has not been mathematically formalized in the literature of energy systems
modelling. Some authors have even tried to make links between energy storage and
geospatial demand shifting, particularly in the context of data centres [97]. In this
thesis, we shall formalize the idea of movement of energy in time to elucidate the
equivalence of all these demand responses, and unify them as just movements of

energy in space, time and type.

‘ Demand Side Management ]
Delayed Early Flexible Space Flexible Space
Consumption Consumption Heating Cooling

Figure 2.7: Classification of demand side management assets in the literature.

Figure [2.8 shows the classification of energy transport models considered in the
literature. The types of energy transport models considered in the literature can be
split into electrical and non-electrical energy vectors. These can further be split into
the types of vectors, and the methods used to simulate them. Types of electrical
energy transport in the literature include AC distribution or transmission grids, and

high voltage DC (HVDC) interconnectors. Electrical transport models range from
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complex full three phase AC models such as with ACOPF [98, 99, T00]. Some make
linear approximations such as DCOPF [I01], [[02] and variations of it that try to
account for losses [103], [104]. Some models consider individual edges and model zonal
transport [105, 106, 107]. The simplest models, sometimes referred to as copper plate
models, assume instantaneous transport, with no limits or losses [10§].

The types of non-electrical energy vectors modelled in the literature include hy-
drogen [I09], ammonia [I10], and even conventional fossil fuels [ITI]. These are
usually transported via freight (land, sea, or air) or via pipelines (if they are liquid).
Some models in the literature consider existing routes such as shipping routes, roads,
etc [I10]. Some models in the literature also consider new potential routes, [73].
These new routes are sometimes modelled using simple methods such as by assuming
straight lines, or “as the bird flies”, or via more complex shortest path algorithms

that optimize the cost and efficiency of going through different terrain [I12].
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Figure 2.8: Classification of energy transport assets in the literature.

Energy conversion assets convert energy or fuel from one form to another. Figure
shows the classification of energy conversion models considered in the literature
Energy conversion models used in the literature can be categorized based on the

types of energy or fuel they consider, and methods used to model them. The types
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of energy that is considered can be split into primary energy supply, intermediate
energy vectors, and end-use energy and service demand [28, 22 13]. Some models
in the literature split them based on energy sector instead of type of energy; but in
general you can do both [28| [113] [114]. Splitting them based on sector is more useful
for accounting, while splitting them based on energy type is useful for studying their

physics modelling.
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Figure 2.9: Classification of energy conversion assets in the literature.

Cost

Figure shows the classification of costs considered in energy system models in the
literature. Costs can be categorized based on the type of cost, and the method used
to calculate them. Almost all energy system models that model costs account for the
two private costs: capital cost, and operational and maintenance costs. Some models
also consider the tax on different energy system assets, e.g. carbon tax [I15] [116].
However, there may be externalities of producing and using the energy system. This
includes impact on climate, pollution and health hazards. According to some authors
such as Jacobson et. al, these externalities may be a few times larger than the
private capital and operational costs of assets [117]. However, the value of these
externalities can vary by a few times as they can be defined or interpreted in various
ways. E.g. calculations for health impact of non-RE energy sources can be calculated
by multiplying the estimated deaths from pollution with the value of statistical life
[T18]. However, the value of statistical life may depend on the willingness and ability

113

of individuals to “’pay” for their life. This objectifies human life and manifests itself
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as an income elasticity of value of statistical life; i.e. the lives of richer people are
valued higher [I19]. This creates a multitude of ethical conundrums, and thus these
externalites need to be carefully considered before they are internalized and combined
with private economic costs.

Some models calculate the various types of costs separately and present them
using multi-criteria decision methods [120], 121]. Some models normalize all types of
costs to a generalized numerical cost, usually in terms of economic cost [I17]. Some
models use hierarchical structures for visualization and decision making where certain
types of costs are strictly more important than other types of costs; thus, some types
of costs are minimized before others. These hierarchical costs are usually used for
Geographic Information System (GIS) analysis [122] or to avoid the ethical issues of

internalizing health costs as externalities described in the previous paragraph.
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Figure 2.10: Classification of objective functions or costs used by energy system
models in the literature.

Spatio-Temporal Coverage

As shown in figure [2.3] energy system models in the literature can also be classi-
fied based on the spatio-temporal range that they cover; this is a type of modelling
complexity depth. The temporal coverage of models in the literature spread across
multiple orders of magnitude [28]. Temporal coverage start from subseconds and
seconds, usually found in models used for multiphysics asset design or electrical grid
stability analysis [123, [124]. Some energy system models in the literature cover min-
utes, hours or even days. Examples include optimal dispatch operational models

[108, 125], 126], 127]. Finally, system design, planning and investment models cover
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years or even decades of time [53], 128]. Some models in the literature are generalized
and allow the users to define custom spatio-temporal coverage [44] 8] [7].

The spatial coverage of energy system models in the literature also varies over
orders of magnitude [28]. Some models are build to study individual assets and thus
only cover individual components or even materials of devices using complex multi-
physics models [124, 129]. Other energy systems also cover local, regional, national,
continental or even global scales [130]. There is a trade-off between spatio-temporal
resolution and coverage. Increasing either increases the computational requirements
and places limits on the resolution of models that cover a large geographical area. This
is why most models that cover the world are either top-down or a hybrid between
top-down and bottom-up models [28]. Top-down and bottom up models can be
defined in different ways in the literature, one way to define them is the following
classification used by Ringkjob et. al [2§]. Bottom-up models are often also referred
to as engineering models and are based on technological descriptions of the energy
system. Top-down models are often also referred to as economic models and are
based on macroeconomic relationships and long-term changes. Furthermore, these
are usually economic or market models with very simple technological assumptions
[53]. Finally, some models are background independent and thus allow users to define
the spatio-temporal coverage [I31]. These models are more flexible, but are also more
difficult to use. Even though they theoretically allow us for the modelling of broad
spatio-temporal coverage, their resolution is limited by computational complexity:
i.e. the computational complexity of these models become too high to use at high

combined spatio-temporal coverage.

2.2.2 Depth of Modelling Complexity

The modelling depth is the accuracy of the various effects that a model accounts
for. In the context of an energy system, these are the spatio-temporal resolution of
energy system models. It also includes the modelling paradigm, i.e. if a model is

predominantly bottom-up physics-driven, or if it is top-down data-driven.
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Modelling Paradigm

Energy system models in the literature can be classified based on their modelling
paradigm. Energy systems can model individual assets using physics-driven bottom-
up models, or using using data-driven top-down models [28]. The former and latter
are also referred to as white-box and black-box models, respectively. However, these
philosophically also map to scientific deduction and induction, respectively. Scientific
theories, in general, are a combination of both. Thus, all models will, in general,
have some elements of both. Models that are not predominantly either, or are a

combination of both, are referred to as gray-box or hybrid models.
Spatio-Temporal Resolution

Energy system models can also be classified based on their spatio-temporal resolu-
tion. Temporal resolutions of models, just like coverage, can range from subseconds,
to seconds, minutes, hours, days, years, and even decades [2§]. Similarly, the spatial
resolution of models can range from meters or kilometers used in geographic infor-
mation system (GIS) models [132], to local, regional, national, continental [133], and
even global resolutions [I30]. When the resolution and coverage of a model is equiv-
alent, it means that the model only considers the total, or average over that period
of time or space. An example of models with equal spatial resolution and coverage
include “copper plate” models [108]. An example of models with equal temporal res-
olution and coverage are GIS models [134]. Finally, just like with spatio-temporal
coverage, some models are background independent and thus allow users to define

custom spatio-temporal resolutions.

2.3 Optimization

Energy system models and their model-generators in general deal with some sort of
optimization. Even some simulation models include some intermediate optimization.
In the most trivial of cases, especially for models used for visualization and accounting,
energy system models could have “no optimization”. For all non-trivial cases, figure
[2.17] classifies the types of optimization problems tackled by energy system models in

the literature and the methods used to solve them.
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Figure 2.11: Classification of classes of optimization problems and strategies to deal
with them.

2.3.1 Uncertainty

Optimization problems considered in the literature can firstly be split based on if they
consider uncertainty. Some models assume perfect foresight and are deterministic
[8, [7]. Other models, especially those used for real-time operational decision making,
are stochastic. When problems are stochastic, optimization can have various goals
such as minimizing the average cost, to minimizing the worst case scenario, or even

requiring the satisfaction of demand in above a certain fraction of time [135] [136].

2.3.2 Control Scheme

Optimization problems are global problems and are traditionally solved using central-
ized algorithms that have information about and can control all decisions in a system
[59]. However, for very large problems, the flow of information may not be feasible or
secure; and centralized control may not be desirable due to ethical or privacy reasons.
To deal with this, some energy systems models restrict the flow of information and/or
the control of variables to a subset of entities, such as for agent-based modelling [137].
These can be broadly considered distributed optimization problems, or problems that

use distributed algorithms.

2.3.3 Convexity

Regardless of whether an optimization problem considers uncertainty or if it uses
centralized algorithms to solve it, it can eventually be classified as either a convex
or non-convex problem. In a convex problem, a local optimum (or solution) of a

problem is also the global optimum of the problem. This means that it is easy to test
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if a (local) solution is a true (global) solution to a problem. It also usually means
that algorithms exist to find the solution in reasonable time. Convex problems can
be divided into a hierarchy of problems based on complexity. The simplest problems
are linear programs (LP), there are multitude of sequential and parallel algorithms
available to solve these “simple” problems [138, [139]. Most energy system tools used
outside of academia only consider LP [8] [10]. More complicated convex problems, in
order of complexity, include quadratic programs (QP), second-order cone programs
(SOCP), semidefinite programs (SDP), and cone programs (CP) [139].

Convex problems higher up in the hierarchy of complexity are more difficult to
solve. However, it is still easy to solve them, or at least test their solutions, compared
to non-convex problems. Non-convex problems are problems with multiple local op-
tima of different values. Thus, a local optimum of a non-convex problem is not a
global optimum, or true solution of the problem [I39]. This means that it is, in gen-
eral, very hard to test the solution of non-convex problems, let alone find solutions.
L.e. non-convex problems are in general NP (nondeterministic polynomial time) hard
[140]. We can solve some specific cases, if information about the problem structure
is known [I41]. However, no general algorithm exists to find, or even test, solutions

for non-convex problems easily.

2.3.4 Approximation vs Heuristic

No general algorithm exists to find, or even test, solutions for non-convex problems.
Thus, non-convex problems are usually tackled by finding reasonable solutions, rather
than the optimum solution. To deal with non-convex problems, we either use heuris-
tic algorithms, or make approximations to the problem that transform it to a convex
problem that can then be solved more easily. Heuristic algorithms cannot guaran-
tee the optimum solution, but can be useful for finding reasonably good solutions,
especially for “real” systems or data. These “real” systems are usually represented
in the literature using standardized datasets specific to the field; these are used for
comparing and benchmarking algorithms [I42]. Common heuristic algorithms for
global optimization include machine learning [143], 59, [T00], particle swarm, genetic

evolution, basin hopping, shuffled frog leaping, or annealing algorithms [144].
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Some authors in the literature use approximations instead of heuristics when deal-
ing with non-convex problems. When approximating non-convex problems, we can
either approximate the cost function (which would lead to sub-optimal solutions),
or approximate constraints (which lead to violations in the original problem). Un-
der special conditions, it is possible to find “convex relaxations” to a problem [145].
Convex relaxations are approximations to original problems that still give the so-
lution to the original problem. However, it is not always possible to find convex
relaxations. Furthermore, it is difficult to find good approximations that still give
reasonable results. If the approximation is too simple, then it looses too much of the
physics and the solution is no longer useful. If the approximation is too complicated,
then the problem may still be difficult to solve, or perhaps still non-convex. In gen-
eral, each energy system optimization problem needs to be treated individually to
find good approximations. There are currently no general methods for finding good
approximations for energy systems optimization problems. This is why most of the
literature default to the simplest linear approximations when a problem is too com-
plicated to solve [28]. However, these linear approximation may loose a lot of the
essential physics of the energy system and more accurate approximations may exist
that can still preserve the essential emergent physics of the system. Piece-wise linear
and integer programming does allow tools such as MARKAL, TIMES, MESSAGE,
and OSeMOSYS to capture more of the essential physics; however, these come with

computational penalties.

2.4 Gap Analysis

Chapter (1] highlights the need for methods for the optimal sizing, operation and lo-
cation of energy system assets, that can perform any function of an energy system,
with scenario assessment. This chapter maps out the existing literature on energy
system design, asset modelling, and optimization. There are gaps in the literature
in these three areas summarized in Figure 2.12] The first gap in the literature is
the lack of energy system design model-generators that generate models that opti-
mize the sizing, operation and location of energy systems assets at the same time.

Existing model-generators in this space are lacking due to the other two gaps in the
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literature. The second gap is the lack of a unified asset model-generators that can
generate models to represent any type of energy system asset that can fulfil any func-
tion of an energy system. This prevents the study of the trade off between asset
modelling breadth and depth on the accuracy and computational complexity of the
corresponding optimization problem. The last gap in the literature is the lack of a
model-generator to generate models for energy system design optimization with rapid

scenario assessment.
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Figure 2.12: Gap analysis of energy system design literature. The gaps in the litera-
ture are dotted lines. This thesis fills these gaps by building a unified asset model that
combines all types of energy system assets. This is combined with DPP to formulate
a framework for optimization with scenario assessment. This allows the study of the
trade offs between model breadth and depth. This ultimately enables the optimal en-
ergy system design: the optimal sizing, operation, and location of assets in an energy
system.

2.4.1 Sizing, Operation, and Location

The first gap in the literature is the lack of a system design model-generator that
generates models to optimize the sizing, operation and location of energy system
assets. This is for the purpose of feasibility studies in the design process of an energy
system. Most model-generators in the literature are designed to build models to

perform a subset of the three: sizing, operation and location of assets. The optimal
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design of future energy systems requires performing all three, concurrently. This
thesis focuses on improving the model-generators in this intersection.

Some model-generators in the literature only build models to perform one of op-
timal sizing, operation, or location of assets. Some work in the literature primarily
focus on the cost optimal operation of assets of a given size. These use very accurate
non-linear models of assets such as the battery model by Ahsan et al. [108] that con-
sider the non-linear dependence of battery efficiency and degradation on the state of
charge and current. However, this forces the optimization problems of such models to
become too computationally difficult to solve for large number of timesteps. Konneh
et al. [146] deal with this using the traditional method of model predictive control,
which only optimizes for a small time horizon. Dashtdar et al. [147] instead overcome
this by using heuristic genetic algorithm, while Zhu et al. [148] utilize deep reinforce-
ment learning to harness the power of modern GPUs. Research in this area is also
moving towards more complicated sub-problems such as operations under uncertainty
in the work of Mobasseri et al. [149], or with robustness in the work of Yang et al.
[150]. These models are designed to be utilized for real-time dispatch, and excel at
it. However, the computational complexity of these models make them unsuitable for
the sizing of these assets, and thus for the design of energy systems.

Some model-generators in the literature focus on the sizing of assets in an energy
system. Because of this, model-generators such as MAED [12, 22], and LEAP [23]
ignore the operation of assets and purely focus on the sizing of various assets. These
lean into their simplicity and act as simulation tools allowing for quick assessment of
different scenarios. However, while these tools are quick enough to be used for scenario
assessment, they do not optimize the sizing of assets for a given scenario. LEAP has
been integrated with optimization models such as NEMO [I51]. However, as the initial
versions of NEMO were informed by OSeMOSYS, NEMO also suffers from similar
limitations as OSeMOSYS. Lee et al. [152] uses multi-agent based models to simulate
specific operational strategies while optimizing the size of assets. However, this does
not optimize the operational strategy given a sizing. Ma et al. [I53] overcome this
using the traditional approach of bi-level optimization. The lower level optimizes

the operation of assets given the constraint of asset sizes. The upper level then
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optimizes the size of assets. These bi-level optimization models utilize models that
only perform optimal operation for the lower level optimization. This allows them
to utilize advances in that field. However, this makes these bi-level optimizations
strictly harder to solve, and the computational complexity increases rapidly making
these models only suitable for small number of assets that need to be sized.

Some models focus on the location of assets in an energy system. These use GIS
tools to find optimal locations for RE such as PV or Wind. They typically employ
hierarchical methods such as those employed Settou et al. [154] or multi-criteria
decision-making (MCDM) methods such as the analytic hierarchy process (AHP)
method developed by Saaty et al. [I55]. These methods are useful for identifying
potential locations for assets at very high spatial resolutions. For example, Ouchani
et al. [156] perform GIS mapping of PV and irrigation in Morocco to determine the
potential capacity of available DER resources in a region. However, the high spatial
resolution of these models makes it difficult to use them for optimal system design.
Using them directly will either be equivalent to performing brute force optimization
over millions of locations at best (if selecting just one location), and will make the
problem computationally intractable at worst (if selecting multiple possible locations).

Some model-generators are designed for optimal operation and sizing of assets.
For example, tools such as OSeMOSYS [8] and MARKAL/TIMES [10, 9] are de-
signed for optimal sizing and operation of energy system assets. However, as these
model-generators aim to include as many types of assets as possible, and due to com-
putational limitations, they make very simplistic linear assumptions. OSeMOSYS is
only able to account for perfectly inelastic demand of energy. There are attempts
to introduce elasticity into OSeMOSYS such as by Lavigne [I57] using a convenient
easy-to-use method, and using terms that are naturally used in economics. However,
as OSeMOSYS uses linear programming, Lavigne’s work was only able to approx-
imately represent elastic demand using step functions which will lead to solution
stability issues, especially for large problems [157]. MARKAL/TIMES models mar-
kets by using linear energy markets with linear demand and supply curves. However,
as MARKAL/TIMES is still a linear model-generator overall, it is not able to model

the influence on markets on each other; thus, it is only a partial equilibrium model
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instead of a computable general equilibrium model. These model-generators were
developed for a specific location and thus do not consider the transport of energy in
space naturally. Extensions to these will be discussed later.

Some model-generators are designed to perform optimal operation of assets at dif-
ferent locations. Model-generators such as pandapower [I58], optimize the operation
of various assets on a grid using DCOPF or ACOPF approximations. The OPEN tool
[TOT] extends this by adding different markets and assets in a modular way. Baker
[T59] uses machine learning to emulate ACOPF solvers allowing the grid structure to
be learnt for real-time dispatch. However, this needs to be re-learnt when the energy
system structure changes. While these tools are efficient for operational dispatch of
assets at different locations, they are not suitable for sizing assets.

Some model-generators are designed for optimal sizing and location of assets.
For example, OnSSET [160] integrates GIS tools to find optimal electricity access
strategies. However, this assumes very simple assumptions of grid operation. Salmon
et al. [I61] perform geospatial analysis to find optimal locations for green ammonia
production. However, they do not integrate the optimal operation or sizing of assets
that consume the ammonia.

This thesis focuses on tools that perform optimal sizing, operation and location
of assets, concurrently. Barnes et al. [162] extend OSeMOSYS to handle transport of
energy between different countries in OSeMOSYS Global. While OSeMOSYS Global
does extend OSeMOSYS to be able to do optimal sizing, operation and location of
assets, it still suffers from the same limitations of linear model assumptions as it is
built on OSeMOSYS. PyPSA [11] has been extended to account for different countries
in Europe as PyPSA-Eur [163]. PyPSA-Eur however, only focuses on electrical assets.
PyPSA-Eur has thus been extended further to include different sectors as PyPSA-
Eur-Sec [164]. Ramos et al. [I65] perform a similar extension to OSeMOSYS as a
climate, land, energy, and water systems (CLEWs) model. However, as PyPSA-Eur
and PyPSA-Eur-Sec are based on PyPSA, they treat the power system as the core
and the rest of the energy system as add-ons. Similarly, the CLEWSs implementation
of OSeMOSYS is based on OSeMOSYS that uses the energy system as the core.

This makes the conceptual modelling of whole energy systems more complex. This
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asymmetry also makes it difficult to study the trade-offs between the model accuracy
of various assets on the overall system design. For example, the CLEWSs extension of
0OSeMOSYS currently only uses the climate, land, and water sectors as constraints,
and do not optimize the assets that utilize these other resources.

Note that most of the approaches in the literature to build models to perform
optimal sizing, operation, and location of assets involve “patching” together existing
bespoke models that perform a subset of the three problems. These “patchwork”
models make it difficult to model and study whole energy system problems. They
are also make assumptions that need to be undone when communicating with other
bespoke models. This motivates the design of a framework from ground-up for the

combined optimal sizing, operation and location of assets in an energy system.

2.4.2 Disciplined Parametrized Programming

In this thesis performing a “case study” is defined as the optimal sizing and operation
of assets at various locations, i.e. the energy system design problem. The optimal
energy system design in a case study depends on the efficiency and cost assumptions
of its constituent assets, and the lat-lon of the locations; these are referred to as
“scenario assumptions”. There are uncertainties in future scenarios. Thus, future
energy system design requires assessing how the ideal energy system design is affected
by scenario assumptions.

A generic process for performing a case study with different scenarios is shown in
Figure [2.13(a). The first step is to define the case study. This is the set of assets
that can be built and operated at various locations. The second step is to select a
set of scenario assumptions. These are the efficiency and cost assumptions of the
constituent assets, and the latitude and longitude (lat-lon) of the locations of these
assets. Once a specific scenario is selected, the optimal system design is found for
the given scenario. This is the optimal sizing and operation of each asset at different
locations. The results are then analyzed; this process usually takes a few minutes.
The insights from the results are used to determine a new set of scenarios to be tested.

The process is then repeated until a good understanding of the case study is achieved.
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The case study is concluded by describing the optimal system design and how it is
affected by scenario assumptions.

In this case study design process, finding the optimal energy system design for
a given scenario is the dotted task in the flowchart in Figure 2.13|(a). There are
two traditional frameworks for finding the optimal system design: simulation and
optimization; these are shown in Figures[2.13|(b) and 2.13)(c), respectively. Simulation
frameworks are used by model-generators such as MAED-2 [12,22], LEAP [23]. These
are quick and take the orders of seconds to run. They enable a workflow in which
multiple scenarios can be tested per hour. However, simulation frameworks only
simulate a specific size, operation and location of assets. This may not be the optimal
design assets for a specific scenario. Simulation frameworks thus overestimate the
true cost of the optimal energy system design given a scenario. To better estimate
the optimal design, the size and operation of assets are manually changed and the
simulation is rerun for the same scenario. This however increases the time it takes to

assess each scenario and requires a lot of work.
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Optimization frameworks are used by model-generators such as OSeMOSYS [§]
and MARKAL/ TIMES [9]. These are shown in Figure 2.13(c). These can find
the optimal energy system design given a specific scenario. This makes traditional
optimization frameworks more accurate than simulation frameworks. However, tradi-
tional optimization frameworks take much longer time to run than simulation frame-
works. Traditional optimization frameworks can take hours or days to test each sce-
nario. A scenario needs to be assessed to determine the next scenario to test. Thus,
traditional optimization frameworks only allow workflow in which scenarios can only
be properly be tested once every few hours or even days. This makes traditional opti-
mization workflows unsuitable for quickly testing a large number of scenarios. There
are methods of testing batches of scenarios in parallel such as using OSeMOSYS-
PuLP [166]. However, these require the user to know before hand the scenarios that
need to be tested; batch processing cannot help when a scenario needs to be analyzed
to determine what the next scenario that needs to be tested is. Furthermore, such
Monte Carlo methods scale linearly at best and become computationally too intensive
for sensitivity analysis when the number of variables becomes very large [166].

There have been recent advancements in convex optimization that allow the re-
optimization of problems with the same “structure” but different “parameters” in
fractions of the time taken to run the original optimization problems. This is done by
defining convex optimization problems in a language called Disciplined Parametrized
Programming (DPP) [24]. DPP is an extension to another language for describ-
ing convex optimization problems called Disciplined Convex Programming (DCP)
[25, 26]. DCP and DPP have also been implemented as an open source convex op-
timization modelling package in the Python programming language called CVXPY
[25]. DCP and DPP increase the time taken to perform a convex optimization prob-
lem the first time. They however reduce the time taken to perform the optimization
again for different parameters by up to orders of magnitude.

DCP, DPP, and their implementation in CVXPY enable a new type of framework
shown in 2.13(d). This combines the speed and workflow of traditional simulation
frameworks with the accuracy and functionality of automated optimization of tradi-

tional optimization frameworks. In this new framework, the first time an optimization
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is performed takes slightly longer than traditional optimization workflows, but still on
the order of hours or days. However, optimizations for subsequent scenarios can be
performed in orders of seconds or minutes. This allows for the assessment of multiple
scenarios per hour just like traditional simulation frameworks, but with the accurate
automated optimization of each scenario like traditional optimization frameworks.
DPP thus has the potential bridge the gap between optimization and scenario assess-
ment in energy system design. DPP has not been exploited in energy system design

tools yet.

2.4.3 Unified Asset Model

Existing energy system design model-generators only consider a subset of energy
system assets that can only perform a subset of energy system functions. Increas-
ing the type of assets dramatically increases the computational complexity of the
problem. Thus, model-generators that include different assets make simplistic as-
sumptions such as linear assumptions in OSeMOSYS [§] and MARKAL/TIMES [9]
or only use CLEWs [I65] as constraints instead of optimize their operation. The
second major bottleneck to improving energy system design is the need to study the
tradeoff between the breadth and depth complexity of asset models. This requires
a model-generator of assets that unifies the various types of energy systems assets.
Heussen et al. [I67] combine various types of asset models into one as “power nodes”.
This allows all assets to perform any combination of functions of the constituent as-
sets. However, this is a “subtractive” rather than an “additive” model-generator.
Assets are first modelled as the sum of all sub-models, and unnecessary sub-models
are removed from the asset model. This means that adding more types of assets to
a case study increases the model complexity of all assets in the case study. This also
does not elucidate the underlying link between the different asset models and simply
patches together asset models similar to how optimization tools patch together vari-
ous optimization tools. Energy hubs [168] use a very similar concept to power nodes
but for all types of energy flows. These suffer from the same limitations as power
nodes. Furthermore, energy hubs use matrices to model energy hubs similar to how

processes are modelled in industrial symbiosis such as the work done by Kerdlap [169).
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Modelling assets this way limits the model-generator to linear models and increasing
the number of assets leads to increasingly large sparse matrices. These sparse ma-
trices are used for both parameters of the problem, and the optimization variables.
This makes it both computationally difficult to simulate and optimize these systems.
This problem is shared by the many combined energy system capacity and operation
optimization models including OSeMOSYS, MARKAL, PyPSA, and their derivatives
such GeoOSeMOSYS, OSeMOSYS-Global, PyPSA-Earth, OSeMOSYS-PuL.P.

There is thus a gap in the literature for a unified asset model-generator that is
“additive” and that unifies all the six different types of energy system assets. This
asset model-generator needs to be able to elucidate the trade offs between modelling
depth and breadth complexity. The accuracy and computational complexity of a
model can be studied with DCP and DPP. Thus, a unified asset model-generator
that also harnesses the power of DPP may be a potential bridge to understanding
this trade off.

This thesis fills the gaps in the literature represented by the dotted lines in Figure
2.12] Chapter [3| builds a unified asset model-generator that can generate models of
all types of energy system assets that can perform any function of an energy system.
Chapter [ utilizes this unified asset model-generator and DPP to build a system
design model-generator that allows the optimization of energy system design with
scenario assessment. The use of DPP also allows the study of trade offs between
modelling depth and breadth complexity. Chapter [5| models real assets using these
new model-generators. Chapter [7] finally implements these model-generators as an

open-source tool and demonstrates this tool using a case study of Singapore.
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Chapter 3

Generalized Spatial-Temporal
Asset Model-Generator

This chapter answers sub-question (1| of the thesis:

“What are the minimum and sufficient theoretical basis functions of all
assets in an energy system, and can these functions be used to create a

unified model-generator of assets?”

This chapter utilizes generalized coordinates and develops a mathematical formal-
ism of the movement of these generalized coordinates in time to build a generalized
spatio-temporal asset model-generator. This unified model-generator can generate
models that can describe any asset that can perform any combination of functions of
the six types energy system assets: energy generation, consumption, transportation,
storage, conversion, and demand response assets.

As Chapter [2| identifies, there is a need for a system design model-generator to
study how the optimal sizing, operation and location of assets of an energy system
is affected by scenario assumption, or parameters. It also highlights a unified asset
model-generator as a path towards that goal. Some spatio-temporal model-generators
exist in the literature such as the work by Moksnes et. al [I70], but these models
make it difficult to understand the tradeoff between computational complexity, and
modelling accuracy, and other limitations Chapter [2| discusses. This motivates the
core question of the thesis “Can we utilize a generalized spatio-temporal asset model-
generator to optimize the sizing, operation and location of energy system assets?”

To answer this question, this thesis develops a framework that utilizes a generalized
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spatio-temporal asset model-generator as an intermediary model-generator to trans-
late energy system design problems to mathematical optimization problems. Such a
framework is referred to as a "model-generator” for energy system models. Before
this model-generator can be developed, the generalized spatio-temporal asset model-
generator used in this thesis needs to be developed. This chapter thus develops this
intermediary asset model-generator required for the system design model-generator.
This is done by using three concepts, modelling principles. The first is using gener-
alized coordinates to model interactions. The second is mathematically formalizing
the movement of energy in time. This allows the modelling of interactions as flows.
The final concept is to define all functions of an energy system as flows of generalized
coordinates in a space-time energy vector network. This allows the definition of an
asset as an object that fulfils a set of functions of an energy system.

To be useful as an intermediary asset model-generator for the system design model-
generator, this asset model-generator must generate models that meet the following

requirements:
1. It needs to be able to model all the functions of an energy system.

2. It needs to be able to model any asset that can perform any combination of the

functions of an energy system.
3. It needs to account for state dependent efficiencies.

4. Tt needs to model interactions between any number of assets, and thus be able

to be used to build a energy system.
5. It needs to account for the cost of both sizing and operating assets.
6. It needs to be able to account for possible curtailment of energy vectors.

7. It will be used for energy system operation and sizing, it will not be used to
develop the asset itself. Thus, the asset model need not be a white-box model,

it need only be a black-box model.
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To develop the asset model-generator, Section first shows how interactions
can be modelled using generalized coordinates. Section then shows how these
interactions can be modelled as discrete flows in a space time energy vector network.
Section maps flows to the basis functions of an energy system, and uses it to
develop the generalized spatio-temporal asset model-generator. The chapter is finally

summarised in Section [3.5l

3.1 Modelling Interactions Using Generalized Co-
ordinates

The first step to developing the unified asset model-generator is to model interac-
tions using generalized coordinates. Consider the interaction of an object with its
surroundings. Figure shows a schematic of how the interaction of an object with
its surroundings can be modelled using generalized coordinates.

If the state of an object can be uniquely described by a set of values, or a vector,
then these are called generalized coordinates, or the generalized coordinate vector.
Generalized coordinates are sometimes referred to as generalized quantities; later
parts of the chapter elucidate this connection. Generalized coordinates are conven-
tionally represented by ¢; this thesis follows this convention for clarity and consistency.
The rate of change of these generalized coordinates with time are called the general-
ized velocities, ¢. Generalized coordinates fully describe the state of the object. They
are also thermodynamic functions, or variables of the state of the object. L.e. they
are path independent, or equivalently, they must not depend on the evolution of the
object. For example, a particle’s state can be described by its x, y, and z Cartesian
coordinates. However, we may also describe the position of the particle in spherical
coordinates using its radial distance from an origin point, its polar angle, and its
azimuthal angle.

As another example, the state of a cup of water can be described by the volume
of water in the cup, or the height of water in the cup. The volume of water in the
cup at all previous times, and thus the rate at which the cup was filled does not need
to be known to know the volume of water in the cup. This is because the volume of

the cup can be measured at the time. Similarly, there are multiple ways in which the
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Figure 3.1: The state of an object at a specific time can be represented by a set of
generalized coordinates, or equivalently a generalized quantity vector q. ¢ must be a
thermodynamic function of the state of the object; i.e. it must be path independent.
While there are multiple possible sets of generalized coordinates, coordinates should
be chosen that are easily measurable. When the surrounding interacts with the object,
it supplies power to the object, P. This leads to a change in q. The rate of change
of ¢ is represented as the generalized velocity vector, ¢. The ¢ at a specific time, in
general, depends on both P and ¢ at that time. Examples of generalized coordinates
(q) include temperature, pressure, density, internal energy, and entropy.
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cup could have been filled which will give the same volume of water in the cup at a
certain time. Thus, the volume of water in a cup is "path independent”; i.e. it can
be defined independently of other historical values.

As such, there are multiple possible sets of generalized coordinates. However, to
model energy assets for energy system sizing and operation, generalized coordinates
should be chosen that are easily measurable. For example, it may be tempting to use
the internal energy of a battery to describe the state of charge of a battery. However,
it is not easy to measure the internal energy of a battery directly. In fact, it is not
clear how to define the internal energy of a battery. Instead, consider the chemical
composition of a battery. This is proportional to the amount of electrical charge that
has flowed in the battery. The amount of electrical charge in a battery (@) may thus
be used as its generalized coordinate. The electrical charge in a battery is simply the
integral of the current flowing into the battery (i.e. the charging current, I). The
current is consequently the generalized velocity of a battery (I = Q) . The rest of the
chapter uses the example of a battery to illustrate various concepts. Do note however,
that ¢ refers to the generalized coordinate of any object; it does not specifically refer
to the electrical charge in the battery. () will be used when specifically referring to
the electrical charge in the battery, to distinguish it from the symbol for generalized
coordinates.

When an object interacts with the surrounding, the surrounding supplies a power,
P, to the object. This leads to a rate of change of generalized coordinate, or gener-
alized velocity, 5 The generalized velocity at a specific time t, g(t), also depends on
the generalized coordinate at the time, ¢(t).

-

Q(t) = 4(P(1), q(t)) (3.1)

Where P(t) is the power supplied to the object at time t.

In the example of the battery, P is the electrical power supplied to the battery,
cf is the electrical current flowing into the battery (I), and ¢ is the electrical charge
in the battery (Q). In the example of the battery, the generalized coordinate and

velocities are scalars, or vectors with dimension one.
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3.1.1 Interaction with Surroundings

When P is negative, power is being supplied from the object to the surrounding. An
interaction can thus be split by into two by splitting P into P, and P,,. P;, is the
power entering the object, P, is the power leaving the object; these represent the
“charging” and “discharging” interactions of an object, respectively. In the example
of a battery, positive and negative P represent charging power (F,.) and discharging

power (Fy), respectively. Figure illustrates this.

Py ; Object
qm (Bn ’ q)
Surrounding q
P QOut
APOIH (C.Iout ’ Q)

Figure 3.2: The interaction of an object with the surrounding can be split into two
parts. When the surrounding does work on the object per unit time, power (F;,) flows
into the object. P, leads to an increase in the generalized coordinates of the object
per unit time, ¢;,. ¢, is a function of both P;, and the generalized coordinate, q.
When the object does work on the surrounding per unit time, generalized coordinate
flow out the object per unit time, gyu. gour leads to power flowing out of the object
and into the surrounding, P,,;. P, depends on both ¢, and q.

cf can similarly be split into q:-n and cf()ut, the generalized velocity when P is positive
and negative, respectively. In the example of a battery, (jzn and (j_;m; are the charging
current (I.) and discharging current (I;), respectively.

Equation [3.1| now transforms to:

and

q_:)ut - i}ut(Pouta q_j (33)

However P,,; may instead be rewritten as a function of ¢ and cﬁmt:

Pout == Pout(&oub Cj) (34)
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When P is positive, the energy flowing out of the surrounding can thus be viewed
as being converted to generalized coordinates flowing into the object. Similarly, when
P is negative, the generalized coordinates flowing out of the object can be viewed as
being converted into energy flowing into the surrounding. The generalized coordinate
of an object can thus also be viewed as a “quantity” that flows into and out of the
object. When an object interacts with the surrounding, this quantity gets converted
to energy, and vice versa.

Consider a simple case of an object that is described by a single generalized co-
ordinate, or equivalently a scalar generalized coordinate, q. A battery is incidentally
an example of such an object. Such an object also has a scalar generalized velocity,
g. For such an object, the possible states of the object can be visualized as a surface
in P-g-¢ space; Figures [3.3|(a) shows this surface. An evolution of the object as it
interacts with its surrounding can be visualized as a line or path on the surface. If
the object returns to its original state, this line will be a loop on the P-g-¢ surface.
For the example of a battery, the loop represents a charge-discharge cycle.

This surface can be easily obtained by treating an object as a black-box, and
systematically measuring various points on the surface. In the example of a battery,
the method described by Ahsan et al. may be used [108]. The battery is first charged
at a constant charging current until the maximum voltage constraints are reached,
after which the battery is trickle charged at constant maximum voltage until it is
fully charged. The battery is then discharged at constant discharging current until
minimum voltage constraints are reached, after which the battery is trickle discharged
at constant minimum voltage until it is fully discharged. This process is repeated
for multiple charging and discharging currents. The electrical power, and electrical
current flowing into or out of the battery is measured at all times during these charge-
discharge cycles. The amount of electrical charge is also tracked by integrating the
current with time. The electrical charge is set to zero at the end of every discharge
to minimize numerical integration errors in the electrical charge. This process allows
easy measurement of the P-g-¢ surface of any battery, regardless of its technology by

treating it as a black-box.
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(@) (b) F=2
q

q

Figure 3.3: Evolution of the sate of an object during a “charge-discharge” cycle.

(a): Evolution of state in ¢-¢-P space. Consider an object (such as a battery) with a
scalar generalized coordinate (¢), and scalar generalized velocity (¢). Power supplied
by the object to the surrounding is represented as negative values of P. The power
supplied to the object by the surrounding, P, is a function of ¢ and ¢; this can be
visualized as a surface in the P-g-¢ space. This surface represents all the possible
states of the object. The evolution of the object can be represented as a path or line
on this surface. If an object evolves and returns to its original state, its path on the
surface forms a closed loop.

(b): Evolution of state in g-¢-F space. The generalized force (F') on the object is
P divided by ¢ and is given by Equation [3.5| The corresponding path or line on
the surface is again the evolution of the object. For the example of a battery, the
generalized force is the voltage across the battery ('), or the electromotive force of
the battery (emf).
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A similar process can be performed for any object, not just a battery. The elec-
trical charge (@) is replaced with the object’s corresponding generalized coordinate
(q). The electrical current () is similarly replaced with the object’s corresponding
generalized velocity ().

It is easier to measure the generalized velocity of a battery (the electrical current
flowing into the battery, I') than its generalized coordinate (the electrical charge in the
battery, (?). This is why it is better to first measure I at each time, and subsequently
calculate @) by integrating I. However, this may not be the case for other objects.
It may be easier to measure the generalized coordinate of some objects, than their
generalized velocities. An example is a pumped hydro storage asset. The state of a
pumped hydro storage asset can be defined by the height of water in the top reservoir,
h. This can be trivially measured. Its generalized velocity can then be calculated by
numerically differentiating h with respect to time.

Thus, to be able to easily model the interaction of an object with its surroundings,
a set of generalized coordinates need to be picked such that at least ¢ or ¢ can be
measured easily and directly. Due to higher numerical errors from integration, it is
better to directly measure the generalized coordinate and calculate the generalized
velocity, instead of vice versa. The errors will be minimized if both ¢ and ¢ can be
measured directly; this would be the ideal set of generalized coordinates to use to

model an object and its interaction with its surroundings.

3.1.2 Implicit vs Explicit Efficiency

The model in Figure [3.3(a) was first described for a battery by Ahsan et al. in [108§].
However, they did not split power and current into charging and discharging powers
and currents. They also did not describe how or why this is able to account for state
of charge and current (or power) dependent efficiency of a battery. Before the P-¢-¢
surface is used for the next step in generating the unified asset model-generator, it
needs to be proved why the models in Figures and (a) are implicitly able to ac-
count for efficiency of an object. In doing this, it shall be shown how the charging and

discharging efficiency, and the internal energy of an object can be explicitly defined.
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This will consequently give a consistent definition of the instantaneous charging and
discharging efficiency of a battery as well as the internal energy of a battery.

The generalized force on an object by the surrounding, F', shall first be defined.
The generalized force is the work done on an object by the surrounding per unit

generalized coordinate.
_dE
= e

Where E' is the work done on the object by the surrounding.

F (3.5)

The power supplied to the object is the work done on the object per unit time.

dE
p== 3.6
o (3.6)
Combining equations [3.5] and [3.6] gives:
dEdt P
— = (3.7)
dt dg ¢

Thus, the generalized force is the ratio of the power supplied to the object to the
generalized velocity.

For the example of the battery, the generalized force is ratio of the electrical power
flowing into the battery, and the current flowing into the battery.

F=>=V (3.8)

The generalized force on a battery is thus the voltage across the battery, V. This
elucidates the alternate name for voltage: the electromotive force (emf).

P is a function of ¢ and ¢, thus we can rewrite F' as:
F = F(q,q) (3.9)

This can be visualized as a surface in ¢-¢-F space, as shown in Figure (b) This
surface again represents all the possible states the object can take. The evolution of
the object is again a path on this surface. If the object returns to its original state,
this path is a closed loop on the surface.

Projecting this loop onto the force-coordinate (F-q) plane, produces a hysteresis
loop. This is shown in Figure[3.4] The area of this loop is the hysteresis energy loss due

to inefficiencies. In the case of a battery, this represents the charge-discharge losses.
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The area under the top half of the curve is the energy supplied by the surrounding
to charge the battery. The area under the bottom half of the curve is the energy

supplied to the surrounding while discharging the battery.

Energy Loss

o
q

Figure 3.4: Hysteresis loop of the charge-discharge cycle of an object described by a
scalar generalized coordinate (such as a battery). If the path of an object in g-¢-F
space from Figure (b) is projected onto the generalized coordinate vs generalized
force plane (¢-F plane), a hysteresis loop is achieved. The area of this loop is the
energy loss during the charge-discharge cycle.

This shows how the ¢-¢- P curve implicitly accounts for path dependent efficiencies
and losses. However, the instantaneous efficiency of the interaction of the object with
its surrounding has not been explicitly defined yet. To explicitly define the efficiency,
consider the evolution of the object reversibly, i.e. at infinitesimally low speeds. This
is equivalent to the path taken by the object at zero velocity, ¢. If this path is added
to the ¢-¢-F surface in Figure (b) and project onto the F-q plane, a line in the
middle of the hysteresis loop is produced. Figure shows the hysteresis loop with
the adiabatic path line.
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Charging Efficiency Zero Velocity Path

Discharging Efficiency

o
q

Figure 3.5: Charging and discharging efficiency of an object defined using ratio of
generalized forces. The graph shows two charge-discharge cycles. The outer loop
represents a charge-discharge cycle with finite charging and discharging currents; this
is the same as in Figures[3.4, [3.3(a), and 3.3|(b). The line between the loop represents
a charge-discharge cycle at zero velocity (¢ = 0). This is an adiabatic process and
thus represents zero hysteresis energy loss. The instantaneous charging efficiency (7,)
at a specific charging power (P.) and current (q.) is the ratio of the generalized force
at zero current (F(0,q)) and the generalized force at charging current (F(q.,q)).
Ne = % The instantaneous discharging efficiency (n4) at a specific discharging
power (P;) and current (gy) is the ratio of the generalized force at discharging current

(F'(4a,q)) and the generalized force at zero current (F'(0,q)). 14 = %
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Consider the “charging” process, when power is supplied from the surrounding
to the object. The efficiency is the ratio of the minimum energy supplied per unit
coordinate to the object to change its coordinate, to the actual energy supplied per
unit coordinate. From equation [3.5] the charging efficiency 7, is:

F(q,0)

0, G (3.10)

Ne =ne(q,4) =

Similarly consider the “discharging” process, when power is supplied from the
object to the surrounding. The efficiency is the ratio of the actual energy supplied per
unit coordinate of the object to the maximum energy supplied per unit coordinate
of the object to change its coordinate. Again, from equation [3.5] the discharging

efficiency ny is:
F (Q7 q.out>

F(q,0)

Thus, the efficiency of an interaction can be represented as a function of the

na = 14(¢, 4) = (3.11)

generalized coordinate and generalized velocity. This is visualized as a surface in
Figure [3.6{a).

The internal energy of an object shall now be defined. The internal energy of an
object may be defined as the work done on the object adiabatically, i.e. with no heat
loss. This is equivalent to the area under the generalized force curve at zero velocity,
as in Figure 3.5l The internal energy, F, is thus given by:

q
Bla)= [ F(Q.0)dQ (312
QR=qo

Where qq is the “base” or “default” value of the coordinate of the object. ¢q is
arbitrary and can be any value. If the minimum value of ¢ is used as qq, it will ensure
that the value of ¢ will not be negative. Thus, the minimum value of ¢ is a good
value to use as qo. With this definition, the internal energy (E) of an object can be
represented as a function of its generalized coordinate (g) as in Figure [.6|b)

To check if this definition of internal energy is consistent with the definition of
efficiency in Equations [3.10]and [3.11], consider the charging and discharging processes.

The charging efficiency is the ratio of the change in internal energy of the object to
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q

Figure 3.6: (a): Figure of instantaneous charging and discharging efficiency of a
battery as a function if ¢ and ¢. Using the process described in Figure the
charging (7.) and discharging (n,) efficiency of a battery can be defined as a function
of ¢ and ¢. The charging and discharging efficiency are used for positive and negative
values of ¢, respectively. In this example, efficiency is 100% at zero ¢. Efficiency goes
down as ¢ moves away from zero.

(b): Figure of the internal energy of a battery as a function of ¢ and ¢. The work done
on a battery adiabatically, i.e. zero ¢ and no energy loss, can represent the internal
energy of a battery E. This is the area under the ¢-F curve at ¢ = 0, from ¢ = 0 to

¢=Q. Le. BQ) = [ F(q=0,9)dq
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the energy supplied to the object; this is to change the coordinate of the object from

¢1 to qa.
cC T rq2 . .
a0, 4)dg

The instantaneous efficiency is the efficiency as the length of the process tends to
zero, i.e. g —q; — 0. This is equivalent to differentiating the numerator and denom-
inator by ¢; this gives us the original definition of instantaneous charging efficiency
in equation [3.10]

Similarly, the discharging efficiency is the ratio of the energy supplied by the
object to the internal energy of the object; this is to change the coordinate of the

object from ¢ to ¢;.
E(q1) — E(g)

Taking the limits of ¢ — ¢ — 0 again gives the original definition of instantaneous

Na = (3.14)

discharging efficiency in equation 3.11

This shows that the definition of internal energy (in Equation and instan-
taneous efficiencies (in Equations and are consistent. It also shows that
modelling interactions using P as a function of ¢ and ¢ as in Figure 3.2 implicitly
accounts for ¢ and ¢ dependent efficiencies.

The internal energy F as defined by equation [3.12| is a thermodynamic function
of the state of the object. Thus, F may be used as the generalized coordinate of an
object, including a battery. However, as can be noted, F is not easy to measure for
a battery. Thus, it is not always a good choice for use as a generalized coordinate to
track the state of a battery. Furthermore, this is only possible for objects with scalar
generalized coordinates. If the state of an object needs to be defined by a vector of
dimension more than one, its state necessarily cannot be defined just using a scalar
internal energy.

The shows that the P-¢g-¢ curve implicitly contains the ¢ and ¢ dependent efficien-
cies of interactions of an object with its surroundings. Thus the ¢ and ¢ dependent
efficiencies of an object can be equivalently modelled by simply measuring or mod-
elling the object’s P-g-q curve. This can be done without explicitly considering the

“efficiency” of an interaction.
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3.1.3 Interaction with Other Objects

Figure|3.7|shows how the interaction of an object with its surrounding can be modelled
as power being converted to generalized velocity, and vice versa. The next step is
to model the interaction between two objects defined by their respective generalized
coordinates, q; and qs.

To do this, consider the interaction of the two objects with a “virtual surrounding”.
This is shown in the top diagram in Figure Where ¢, ¢ and P have an additional
subscript to indicate the object, e.g. ¢ and ¢;,, refer to the generalized coordinate

and charging velocity of object 1, respectively.

. ¢ r= = ="p
Object2 | 9out,2 B ' Pin1 Object 1
=1 r >
Pout,Z (éIout,Z > QZ)I | din,1 (I)in,l »q1 )
0@ | Surrounding | ‘ q1
})in,2 | | qout,l
<t [ | I:
éIin,Z (Pin,2 » q2) Lo e — J%fourl (qOut,] ’ QI)
Object 2 QOut,Z Object 1

qm,] (qOut,Z » 42,41 )

q2 ) q1
qout,l

qm,Z ((.Iout,l > q1, QZ)

Figure 3.7: Interaction of an object with another object. The interaction of object
1 with object 2 can be split into two interactions (top). The first is the interaction
of object 1 with a “virtual” surrounding; the second is the interaction of object 2
with the same virtual surrounding. Combining the two interactions and eliminating
the virtual surrounding, we can view object 1 as directly interacting with object
2 (bottom). When generalized coordinates flow out of object 1 (gou1), they are
converted into generalized coordinates flowing into coordinate 2 (Gin2). Gin2 is, in
general, a function of the flow out of object 1 (Gou1) and the coordinates of objects
1 and 2 (¢; and ¢2). Similarly, when coordinates flow out of object 2 and into object

L, Gina = Gin1(dout.2, G2, q1)-

Consider the interaction in which object 2 “charges” object 1, i.e. coordinates
flow out of object 2 and flow into object 1. This can be viewed as the sum of two

interactions: object 2 discharging to the surrounding and object 1 charging from the
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surrounding. If the power supplied to the surrounding by object 2 is equal to the
power supplied to object 1:

Pout,?(doutﬂa Q2) = Pin,l (315)

Combining with the definition of ¢, from equation gives:

q‘in,l = Qin,l(ljin,la CI1) = Qin,l(QOut,Qa q2, Ch) (316)

These two interactions can be combined to eliminate the “virtual surrounding”
to represent the direct charging of object 1 by object 2 as in the bottom diagram in

Figure
Similarly, consider the charging of object 2 by object 1. From symmetry:

qm,Q = Qin,Q(QOut,ly qi1, q2) (317>

An interaction between two objects can thus be viewed as a combination of three
steps. This is the flow of generalized coordinates out of first object, conversion into
generalized coordinates of the type of the second object, and flow of generalized
coordinates into the second object. Generalized coordinates can thus be viewed as
quantities that flow from one object to another object. The next step is to formalize
the interaction between objects described using generalized coordinates, as discrete

flows in a network.

3.2 Modelling Interactions as Flows

To formally translate interactions from differential equations in generalized coordi-
nates to discrete flows in a space time energy-vector network, three steps are needed.
The first step is to convert continuous, differential equations of generalized coordi-
nates into discrete flows of generalized quantities. The second step is to formalize the
flow of generalized quantities in time. The final step is to account for conservation
and curtailment of quantities in the network as equalities and ineqalities, respectively.

The simplest object of a graph, or network, is a “node”. A pair of nodes form an
“edge”. If the pair of nodes is ordered, the edge is referred to as a “directed edge” or

an “arrow”. The first node is referred to as the “source node”. The arrow points out
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of the source node. The second node is referred to as the “target node”. The arrow
points into the target node. In the rest of the thesis, an “edge” refers to a directed
edge or arrow. The rest of the thesis refers to a pair of unordered nodes explicitly as
an “undirected edge”.

Various information can be encoded in nodes and edges. This is referred to as
adding additional structure for nodes and edges. Formalizing interactions as flows
involves defining additional structure for these nodes and edges. As later parts of this
section show, edges will be associated with the flow of generalized quantities; these
will be represented by a vector. Nodes will be associated with the conservation or
curtailment of these generalized quantities; these will be represented by an equality

or inequality, respectively.

3.2.1 From Continuous to Discrete Flows

The first step to modelling interactions as flows is to convert the continuous model in
Figure to a discrete model. For simplicity consider the simple case of an evolution
of an object from time ¢, over the timestep dt; this is shown in Figure |3.8

An object at time ¢, may be represented as a node. The state of the object at time
t, is given by the generalized coordinate of the object at time ¢, ¢(¢). In the continuous
case, ¢(t) is stored in the node of the object at time t. The second thing stored at
the node is an equality that determines how the coordinate at time t depends on the
coordinate at the previous time step, ¢(t — dt).

t
q(t) = q(t = ot) + / qdr (3.18)
T=t—5t

This is because there is a flow of coordinate into the node over that time. This is
stored in the edge pointing into the node with the generalized velocity (¢(t)).

To discretize the coordinate at the node, the generalized coordinate as a function
of time (g(t)) is replaced with the generalized coordinate indexed with the timestep
(qr)-

To discretize the coordinate at the edge, the change in coordinate over the timestep

due to the velocity, Ag;, is calculated. Ag; is again indexed with time and is given
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From Continuous to Discrete Flows

q(1) @
qty=qt -ty + [, 5 qdr 4 = g1 + Aqy

4(1) Ag, = g, X 6t

Figure 3.8: Diagram showing the representation of continuous interactions and dis-
crete interactions. The left side shows the representation of the evolution of a gener-
alized coordinate as a function of continuous time (¢(t)). The rectangle represents the
node at time t. The node is associated with two objects: a coordinate ¢(t); and an
equality that describes how ¢(t) has evolved from the value at the previous timestep
(q(t — ot)). The generalized velocity (¢(t)) can be viewed as a flow into the node,
and is associated with the edge. The left side shows the representation of the same
evolution of a generalized coordinate as a function of discrete, indexed, time (g;). The
node is again associated with a coordinate ¢;, and an equality describes how ¢; has
evolved from the value at the previous timestep (¢;—1). The edge is now associated
with the total change in coordinate over the timestep (Ag;). The coordinate at the
node and flowing in from the edge now have the same units and can be simply added.
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by: )

=t—dt

Where ¢, is the average generalized velocity over the timestep. To dicretize the

equation at the node, equation [3.18| at the node is replaced with:
G = G—1 + Age (3.20)

Where ¢;_; is the generalized coordinate at the previous timestep (¢t — 1), i.e. at the
time ¢t —dt. Note that the units of the flow in the edge (flowing into the node), and the
terms in the node are the same. This was not the case for the continuous case as the
edge merely represented the differential rate of change of the generalized coordinate,
not an actual conserved flow. The rest of the chapter uses the term generalized
quantities instead of coordinates as it invokes the intuitive notion of conservation and

curtailment.

3.2.2 Formalizing Flow of Energy in Time

The second step to modelling interactions as flows is to formalize the flow of energy
in time; this will convert snapshots in time to flows in time. Note that the discretized
flow diagram in Figure has an asymmetry. Edges have a value, but nodes have
both values and equalities. As shall be seen, making this diagram symmetric will in
fact formalize the flow of quantities in time.

Consider the simple discretized model from Figure for timesteps t — 1, t, and
t+1. For simplicity, first consider zero generalized velocity; this is shown in Figure [3.9]
The top nodes represent the “snapshots” in time of the nodes at various timesteps.
Each node has both a generalized quantity (¢) and an equality. Consider moving the
generalized quantity from the node at timestep ¢ to an edge flowing out of that node
and into the node at the next timestep, ¢ + 1. This gives the bottom diagram in
Figure

Nodes now only contain equalities, and edges now only contain quantities. The
generalized quantity at a specific timestep can thus be viewed as a quantity that is

flowing from one timestep to the next timestep.
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Snapshots in Time to Flows in Time

qr+1

qr+1 = q;

q: qit+1
—V‘ di+1 = 4t ——p

Figure 3.9: Diagram showing the equivalence of snapshots in time and flows of gen-
eralized quantities in time. The top shows snapshots in time of an asset that stores a
generalized quantity (¢). The nodes at each timestep contain the quantity stored at
that time (¢;), and an equation relating ¢; to the quantity in the asset at the previous
time (¢;_1). The bottom shows the same asset represented using flows of quantities
in time instead of snapshots. The quantity stored in the asset at timestep t is now
viewed as the quantity flowing from the node at timestep ¢ to the node at the next
timestep ¢t + 1. Each edge is now only associated with a coordinate, and each node
is now only associated with an equality. Thus, storing a quantity can be viewed as
moving that quantity in time. An asset that stores a quantity can equivalently be
viewed as an asset that moves that quantity forwards in time.
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From Figure the equation at each node now represents the conservation of
quantities flowing into or out of the node. It says that the sum of quantities going
out of the node are equal to the sum of quantities going into the node. To understand
this better, consider how to interpret this for a real-life example. In the example of
a battery, the node is the state of the battery at time t. The equation thus means
that the amount of electrical charges flowing from time t to time t+1 is the same as
the amount of electrical charges flowing from time t+1 to time t+2. In terms of the
traditional view of snapshots in time, this means that the amount of electrical charges
in the battery at time t is equal to the amount of electrical charges in the battery
at time t+1. This is expected because no losses are assumed during the charging or
discharging of the battery.

To check if this continues to hold true when there are more edges attached to
the nodes, consider the same asset in Figure but with discrete charging and
discharging interactions with the surrounding. This is shown in Figure [3.10] The top
diagram models the interactions as snaphots in time. The bottom diagram models
these interactions as flows of quantities in time. The top diagram is asymmetric, there
are flows in both edges and nodes. However, in the bottom diagram, the symmetry
is restored and all flows are in edges, and all equalities are in nodes.

Note that there are now two flows at each edge. The first is the flow out of the
source node, which is a variable. The second is the flow into the target node, this
is given by a “conversion function” of the flows out of each node as in Figure 3.7
This means that one quantity at the node in the “snapshot” model gets translated to
a quantity leaving the node (g out), and a quantity entering the next node (gi11,n)-

Qi+1.n 1s given by the conversion function (1)), where:

Gt+1,in = w(qt,out) (321)

To understand what this may represent, consider the example of a battery. The
conversion function of a battery represents the self discharge of the battery. This is
because there may be some storage losses and the quantity stored at the next timestep

may not be equal the quantity stored at the previous timestep.
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Snapshots in Time to Flows in Time Generalized Storage Asset
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Figure 3.10: Interactions of a generalized storage asset with the surrounding as snap-
shots in time and as flows in time. Independent variables are represented by non-italic
letters; functions are represented by italic letters. The top shows the storage asset
in Figure [3.9) as timesteps, but with additional interactions with the surrounding.
Flows from the “surrounding” nodes to the storage asset nodes represent “charging”
of the storage asset. Flows from the storage asset nodes to the “surrounding” nodes
represent “discharging” of the storage asset. Note that each edge contains two quan-
tities: the flow out of the source node (an independent variable), and the converted
flow into the target node (given by a “conversion function”). However, nodes have
an equality and a quantity (independent variable). The bottom diagram shows the
same storage asset but with flows in time instead of snapshots. Here, the symmetry
being restored: all flows of generalized quantities, independent values, and conversion
functions are associated with edges; all equalities are associated with nodes. Each
edge is only associated with a flow out of a node (independent value) and a flow into a
node (given by a conversion function). Each node is only associated with an equality
constraint.

Surrounding ’
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Finally, the equality at the node at timestep ¢ does indeed represent the sum of

flows out of node are equal to the sum of flows into the node:

qt,out + A(]t,out = {t in + Aqt,in (322)

This formalizes the concept of “movement of generalized quantities in time”.

3.2.3 Conservation and Curtailment

The final step to modelling interactions as flows is to consider the curtailment of
flows. The previous sections show how the equalities at each node represent the
conservation of generalized quantities leaving the node. To understand how to model
curtailment, consider the simple case of just storage without any interactions with
the surrounding as in Figure Now, consider a possible curtailment flow out of

each node at timestep t (¢ curtair); this is shown in top diagram of Figure m

Curtailment as Inequality Constraint
A A A
| qt—1,curtail 2 0 At .curtail Z 0 | Qt+1,curtail Z 0

qr qi+1
qr + Gr.curtail = G1-2 qr+1 + Gr+1,curtail = Gt

qr-2
_—

qr-1
qi-1 + Gi-1.curtail = Gr-2 >

qr-2 qi-1 q: qr+1
2 e e o <o =@—.

Figure 3.11: Diagram to show how curtailment is represented by an inequality con-
straint. The top figure shows the simple storage asset from Figure but with an
additional potential flow out of each node that represents the possible positive cur-
tailment at each time. Combining the equality in the node and the inequality in the
curtailment edge gives the bottom diagram. This may be intuitively viewed as the
following. As some quantity may be curtailed at each time, the remaining quantity
flowing out of a node may be less than the quantity flowing into the node. Note that
the symmetry has been recovered again: edges only have flows, and no constraints.
However, the equality constraint in Figure has been replaced with an inequality
constraint. Thus, adding a curtailment of a quantity at a node is equivalent to re-
placing the equality constraint of that quantity with an inequality constraint.
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This curtailment needs to be more than zero. Thus, there is an inequality at each
curtailment edge:

qt,curtail Z 0 (323)

This again breaks the symmetry as there is an inequality at an edge. Instead,
consider combining the inequality at the edge with the equality at the node. This

eliminates g cyrtqir, and gives us the inequality:

@ < ¢t (3.24)

If the curtailment edge is removed and the equality at the node is replaced with In-
equality the bottom diagram in Figure [3.11]is obtained. This can be interpreted
as the sum of flows leaving the node must be less than the sum of flows entering
the node. Thus, potential curtailment at a node can be represented by replacing the
equality at a node with an inequality. There may be various types of generalized
quantities flowing into and out of a node, i.e. q may be a vector. In such a situ-
ation, the equality constraint is replaced with an inequality constraint only for the
generalized quantities that can be curtailed.

Finally note that in the bottom figure, the curtailment flow is no longer tracked.
This is because curtailment usually does not directly lead to any costs. If this curtail-
ment flow results in costs, then it should enter another node. However, calculating
the curtailment flow may be useful for studying the operation of an energy system.

The curtailment flow can be easily recovered as the net flow into the node at time t:

Gt curtail = qt—1 — Gt (325)

With this, any interaction of objects with other objects may now be represented
as flows of generalized quantities in a network. Each node represents either a con-
servation or a curtailment of generalized quantities as an equality or an inequality,
respectively. Each edge represents the flow out of a source node, and a flow into the
target node (given by a conversion function). The final step to building the unified
asset model-generator is to defined flows as functions of an energy systems and define

assets as objects that perform a set of energy system functions.
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3.3 From Flows to Assets

The unified asset model-generator models interactions as flows of generalized quan-
tities in a discrete network to unify the six energy system assets: energy generation,
consumption, transportation, storage, conversion, and demand response assets. Fig-
ure shows the structure of the generalized spatio-temporal asset model-generator.
In this model-generator, an asset consists of a set of one or more components and a
cost function. The basic building block of the asset model-generator is the node. The
node contains information about curtailment and conservation of flows as an inequal-
ity and equality function, respectively. Two nodes can be linked together using an
edge. An edge contains the flow of generalized quantities out of one node (the source
node) and into a second node (the target node). A set of edges of the same type
over multiple operational times form a component. A component defines one type of
interaction over multiple timesteps; an interaction can also be viewed as a function
of an energy system. A set of components make up an asset. An asset contains the
capital and operational costs of its constituent components.

This structure of the generalized spatio-temporal asset model-generator is designed

to take into account the following:

1. It is a hierarchical structure that models all energy systems assets that can

perform any combination of energy system functions.

2. It is a highly compressed form of storing and representing the information
needed to build an asset. The set of edges and nodes for a component can be
systematically reconstructed using just the template edge and the operational

times of a component.

3. The information in each part of the structure maps to the most primitive object

possible if the asset is implemented in a code using object oriented programming.

4. The use of a template edge insures that all “instructions” are the same for
“data” for all operational times. This ensures that the calculations associated

with the simulation and optimization steps of a component map to the single
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Structure of Generalized Spatio-Temporal Asset Model
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instruction multiple data (SIMD) architecture of modern graphics processing

units (GPUs). This ensures that the problem it represents is highly parallel.

This section details individual parts of the generalized spatio-temporal asset model-

generator, starting from the most basic building block, and moving up to the asset.

3.3.1 Nodes

Figure shows a schematic of a node in the asset model-generator. The identity

of a node is defined by the following three values:
1. Location: this is the physical location of the asset(s) that this node is a part of.

2. Time: this is the temporal location of the node. It is the timestep of objects

that this node is a part of.

3. Type: this represents the set of generalized quantities that flow through the

node and whether they are conserved or curtailed at the node.
A node contains the following two pieces of information:

1. inequality function (g): This is the net flow out of generalized quantities that

are curtailed at the node. It represents the inequality constraint (¢ < 6)

—

2. equality function (h): This is the net flow out of generalized quantities that are

conserved at the node. It represents the equality constraint (}_7: = 6)

Multiple edges may be connected to a node. These represent flows out of the
node (), and flows into the node (7). The flow into the node is given by a conversion
function (1;) These flows are vectors of various generalized coordinates. We may split
these generalized quantities into two types. The first type of quantities are curtailed

at the node; these are sub-scripted with g. The net flow of these quantities out of the

node is curtailed; this is defined using the inequality function g:

G= Tig— Y 4y <0 (3.26)
i J
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< Node

Node
Location

Figure 3.13: Diagram of a node in the asset model-generator. The identity of a
node is defined by three values: its location, its time, and its type. A node contains
two pieces of information: an inequality constraint function (g), and an equality
constraint function (l_i) Multiple edges may be connected to a node. These represent
flows out of the node (Z) and flows into the node (7). These flows are vectors of
various quantities. We may split these quantities into two types. The first type of
quantities are curtailed at the node; these are sub-scripted with ¢g. g is the net flows
of curtailed quantities out of the node. This curtailment of quantities is represented
in the node as the inequality constraint (§ < 6).'The second type are conserved at
the node; these are sub-scripted with h. h is the net flows of conserved quantities out
of the node. This conservation of quantities is represented in the node as an equality

constraint (h = 0).
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Where 7;, is the vector of generalized quantities of the i*" edge pointing out of
the node that are curtailed. y;, is the vector of generalized quantities of the j edge
pointing into the node that are curtailed.

The second type of quantities are conserved at the node; these are sub-scripted
with h. The net flow of these quantities out of the node in conserved; this is defined

as the equality function h:
h=> &n—Y Gn=0 (3.27)
( J

Where 7;, is the vector of generalized quantities of the i edge pointing out of the
node that are conserved. ¥, is the vector of generalized quantities of the j edge

pointing into the node that are conserved.

3.3.2 Edges

An edge in the asset model-generator is a directed edge, or an arrow. Figure
shows a schematic of an edge in the asset model-generator. An edge (i,j) represents
the flow of generalized quantities out of its source node (i) and into its target node

(j)- The identity of an edge is thus defined by its two nodes:
1. Source Node: The node out of which generalized quantities flow via the edge.
2. Target Node: The node into which generalised quantities flow via the edge.
The edge contains two pieces of information:

1. Flow (Z): The generalized quantities flowing out of the source node via the
edge.

-,

2. Conversion Function (): This gives the generalized quantities flowing into the

—

target node via the edge (7/)

The conversion function of an edge (i,j), JM, is in general a function of the flows out

of its source and target nodes:

i = 0Tk}, {291} (3.28)
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Edge

j;i,j = l_/}i,j({yci,k|Vk}, {X;/IV1})

Figure 3.14: Diagram of an edge in the asset model-generator. An edge in the asset
model-generator is a directed edge: it is an arrow from its source node i, to its target
node j. The identity of an edge is thus defined by its two nodes (i,j). An edge (i,j)
contains two pieces of information: a variable called the flow (;;), and a function
called the conversion function 1;” 7;; is the flow of the edge; it is the flow of

quantities/quantities out of the source node. Jw is the conversion function of the
edge; it is the flow of quantities/quantities into the target node, ¥; ;. The conversion

function of an edge, 9 ;, in general, depends on all the flows out of its source and
target nodes.

Where 7, and 7;; are the flows out of the source node (i) and target node (j),
respectively. The conversion function can be defined either analytically using white-
box models, or black-box models by directly measuring various combinations z and

1/, as discussed in section |3.1]

3.3.3 Components

A set of edges of the same type over different operational times (timesteps) form
a component. A component represents one type of interaction, or energy system
function. For example, the charging of a battery, or the transport of hydrogen, or the
conversion of electricity to heat. The set of edges in a component can be defined by

two things:

1. Template Edge: This represents the generic structure of the edges in the com-

ponent. This represents a function of an energy system, or a type of interaction.
2. Operational Times: This is a set of timesteps that the interaction occurs over.

One operational time combines with the template edge to define one edge. An edge

thus represents an instance of a function of an energy system. Therefore, the set of
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operational times and the template edge of a component define the set of edges of the
component.

Figure [3.15|shows the schematic of a template edge in the asset model-generator.
This schematic is called the “template edge” diagram. The template edge diagram
shows examples of three edges of a component. These edges represent the edge of
three operational times: t, t — 0t, and t 4+ 6t. The operational times are the times of

the source node. 0t is the time between operational times.

Template Edge

Tal’g et Location = Location 2 Location = Location 2 Location = Location 2
Time =t + At - ot Time =t + At Time =t + At + &t
NOd eS Type = Type 2 Type = Type 2 Type = Type 2

Source Location = Location 1 Location = Location 1 Location = Location 1
Time =t - &t Time =t Time =t + ot
NOdeS Type = Type 1 Type = Type 1 Type = Type 1

Figure 3.15: Template Edge Diagram for a generic component. A template edge is
defined by the its source nodes and target nodes locations and types. There is also
a time difference between the target and source nodes, At. The template diagram
shows three examples of edges. These are for there operational times: ¢, ¢t — dt,
and t + 0t. The operational times are the times of the source node. 4t is the time
between operational times. The template edge and the set of operational times define
a component.

A template edge is defined by the identity of the source and target nodes, as well
as the difference in time between them. A template edge is defined by the following

information:
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1. Source Node Type: This is the type of the source node of all edges of the

component.

2. Target Node Type: This is the type of the target node of all edges of the

component.

3. Source Node Location: This is the location of the source node of all edges of

the component.

4. Target Node Location: This is the location of the target node of all edges of

the component.

5. Time Difference (At): This is the difference between the target node and source

node times.

6. Conversion Function 15: This is the conversion function of the edges of the

component.

The operational times of a component are, in general, a set of times {¢}. However,

for practical purposes, {t} can be represented using three values:

1. Start Time (¢p): This is the time the component is operated from. It is the first

operational time.

2. End Time (¢;): This is the time the component is operated until. It is the final

operational time.
3. Operational Timestep (dt): The is the time between operational times.

The set of operational times is thus given by:

t € {t =ty + ndtn is an integer; t < t;} (3.29)

The operational timestep, dt, is an assumption that the modeller needs to make.
This framework can be used to work backwards and adjust the level of detail to
determine the level of detail that is useful, i.e. the value of 4t that is small enough for
the results to be accurate and useful, but not so small that the optimization problem

takes too much computational power to solve.
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3.3.4 The Five Basis Functions of an Energy System

The asset model-generator unifies the functions of an energy system as flows of gener-
alized quantities in a network; this is shown in Figure|3.16] The asset model-generator
represents energy generation and consumption as flows of energy out of a generation
node and into a consumption node, respectively. The asset model represents energy
transportation, storage, and conversion as flows of energy from nodes of one location
to another location, one time to another time, or one type to another type, respec-
tively. As this subsection discusses, demand shifting is a generalization of energy
storage; or equivalently, energy storage is a special case of demand shifting. Thus,
the six types of energy system assets can be represented by five energy system func-

tions.

Optimization With
Scenario Assessment

[ Sizing ][ Operation ][ Location ]

J
v v v v v

Demand ] [ Supply Transport Conversion ] [ Storage Demand
Response
Flow of Generalized Coordinate in
Space-Time Energy Vector Flow Networks (STEVFNSs)
To . From Through Through Through
Consumption| | Generation Space Tvpe Time
Node Node p yp

Figure 3.16: Diagram of the unification of energy system functions in the asset model-
generator. The asset model-generator is designed for optimal sizing and operation for
scenario testing. Asset can perform any combination of the six energy system assets:
energy demand, supply, transport, conversion, storage, and demand response assets.
Both storage and demand response can be viewed as movement in time. The asset
model-generator unifies these different functions as flows in a network. Thus, the six
types of energy system assets can be represented by five energy system functions.
These represent the flow to a consumption node, from a generation node, through
space, through type, or through time, respectively.

71



If the source and target nodes of the template edge of a component have different
locations, the component moves generalized quantities from one location to another
location. Such a component can be interpreted as representing the energy system
function of energy transportation.

If the template edge of a component has a positive time difference, the component
moves generalized quantities from one time to another time in the future. Such a
component can be interpreted as representing the energy system function of energy
storage.

Note that the time difference of a template edge can be negative. This can be
interpreted as moving energy backwards in time. While this may be an alien concept
to many, it is found in various fields of theoretical physics. The most famous exam-
ple of this is found in the interpretation of anti-particles in Feynman diagrams. In
Feynman diagrams, an anti-particle flowing in the positive direction along the time
axis can be equivalently viewed as its normal particle lowing in the negative direction
along the time axis. This is the Feynman—Stueckelberg interpretation of anti-particles
[T71, 172]. Another example is holes in semiconductor physics. The flow of holes in
one direction may be viewed as the flow of electrons in the opposite direction. Simi-
larly, the flow of energy, or energy supply, in one direction may be viewed as the flow
of energy demand in the opposite direction.

An example of this is found in demand shifting. If demand is delayed and shifted
to the future (e.g. because current electricity prices are higher than future predicted
prices), it is equivalent to moving energy supply backwards in time. This would be
represented in the asset model as a component with a template edge with negative
time difference. For completeness, if energy demand is shifted earlier in time (e.g. be-
cause current electricity prices are lower than future projected prices), it is equivalent
to moving energy supply forwards in time. This is represented by a template edge
with positive time difference. Thus energy storage can be viewed as a special case (or
subset) of the more general demand shifting. Or equivalently, demand shifting can be
viewed as a generalization of energy storage; demand shifting moves energy both for-
ward and backwards in time. An energy storage only moves energy forwards in time,

and is equivalent in function to the shifting of demand earlier in time. If demand
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is shifted to the future, it is equivalent to moving energy backwards in time. This
formalizes the link between energy storage and demand shifting by unifying them as
the same type of function of an energy system.

If the source and target nodes of the template edge of a component have different
types, the component moves generalized quantities from one type to another type.
Such a component can be interpreted as representing the energy system function of
energy conversion.

If a generalized quantity is not constrained at a node, the node is called a “virtual
node”. If the source node of a template edge is a virtual node, then more generalized
quantities may flow out of that node, and that source node is a “generation node”
or a “supply node”. A component with that template edge may be interpreted to be
generating or supplying energy. Such a component can be interpreted as representing
the energy system function of energy supply or energy generation. This may be
interpreted as generation being unconstrained.

If the target node of a template edge is a virtual node, that target node is a
“consumption node” or a “demand node”. The component with that template edge
may be interpreted to be consuming or demanding energy. Such a component can be
interpreted as representing the energy system function of energy demand, or energy
consumption.

Any template edge can be split into a sum of the basic five types of edges described
above. Thus, any function of an energy system can be represented as a combination

of the five basis functions of an energy system:
1. Energy Demand: Flow of quantities into a sink node.
2. Energy Supply: Flow of quantities out of a source node.

3. Energy Transport: Flow of quantities from a node of one spacial location to a

node of another spacial location.

4. Energy Storage/Demand Response: Flow of quantities from a node of one time
to a node of another time. This also includes demand shifting when as energy

can move backwards in time.
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5. Energy Conversion: Flow of quantities from a node of one energy vector type

to a node of another energy vector type.

3.3.5 Assets

A set of components with interdependent costs combine to form an asset in the asset
model. Figure shows the representation of an example of an asset with three
components. This type of diagram is referred to as the asset-component diagram in
the asset model. An asset is identified by its constituent components. Consider the

example of a battery. A battery consists of the following three components:

1. Storage Components: This moves electrical charges from one time to the next

time.

2. Charging Component: This converts electrical energy in the grid to electrical

charges in the battery.

3. Discharging Component: This converts electrical charges in the battery to elec-

trical energy in the grid.

‘ Asset ‘

‘ Component 1 ‘ ‘ Component 2 ‘ ‘ Component 3 ‘

Figure 3.17: Example of an asset-component diagram. This is a generic asset that
consists of three components. The asset-component diagram shows the structure of
an asset as its constituent components.

An asset contains a cost function, fusset- fasser 1S, in general, a function of the

flows of each edge of each component of the asset.

fasset = fasset({{fa76|va}|vﬂ}) (330)

Where %7 is the flow of edge a of component /3 of the asset.
The total cost of an asset includes both the capital, operational, and maintenance

costs. It also includes costs and revenues from market participation, regulations,
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taxes, etc. There are instances where the size of assets are determined by other
factors such as reserves, market power, reliability, etc. In such instances, these other
factors either need to be translated to flows, or a new component needs to be build
to represent those markets, or other factors and added to the asset as an additional
component.

E.g. if the size of a power plant needs to be 20% larger than the maximum
demand, then the cost of the power plant can be set to 20% larger than the actual
maximum flows in the power plant asset. If the size of the power plant is determined
by a day ahead market, then the participation of the power plant in this day ahead
market needs to be added as a component of the power plant asset.

An asset can, in theory, contain all components of an energy system. However,
this would make it indistinguishable from the energy system, and thus not a useful
concept. However, when calculating the cost of a component, its cost may depend
on the cost of another component. Thus, to calculate the cost of one component,
the cost of the both interdependent components need to be calculated together. If
these two components are combined to form an asset, the cost of the asset can be
defined and calculated. In general, a set of components may have costs that depend
on each other. Assets should be defined by the minimum set of components that have
costs that are interdependent. If the cost of a subset of components can be defined
independently of the rest of the set, then this subset can be removed from the asset

to form another asset.

3.3.6 Energy System

A set of assets combine to form an energy system in the asset model. An energy
system is identified by the set of its constituent assets.
The energy system contains the total cost function, F. F'is the sum of the cost

of the constituent assets of the energy system.
F=) f (3.31)
i

Where f7 is the cost function of asset v of the energy system.
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3.4 Modelling Costs

The costs of an asset are traditionally split into two types: the capital cost, and the
operational costs. However, the costs of an asset can also be categorized into two
other types: the sizing cost, and the usage cost. These two classifications usually
align, but not necessarily. In the unified asset model, costs are categorized based on

the latter.

3.4.1 Usage Cost

Define the usage of each flow (i) of an asset as w;:

Where Z; is the i'" flow of the asset. The total usage of the asset (Ugse) is thus the

sum of all usages of the asset:
Uasset = Zuz(fz) (333)
The usage cost of an asset (fys.) is a function of the total usage of the asset:

fuse = fuse(Uasset> (334)

Examples of the usage cost include, the total fuel supplied to a generator, or the total
amount of electricity consumed by an electric heater. The usage cost thus represents
the operation and maintenance cost of an asset.

If all u; are the same and, and u; is linear, u; can be pulled out of the summation

in equation |3.33} this gives:

Uasset = Z uz(fz) =u <Z fz) (335)
i i
Note that in this situation, u; and u represent the same mapping. U, from equation

[3.35 can then be combined with f,s to redefine f, as a function of the sum of flows.
In this special case, equation then transforms to:

fuse - fuse(z fz) (336)

(2

In this special case, the usage cost of an asset is a function of the sum of flows in the

asset.
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3.4.2 Sizing Cost

Consider the definition of the size. The size of an asset (s;) required to satisfy the
flow (i) of an asset is given by:

s; = 8;(;) (3.37)

Where Z; is the i'" flow of the asset. The size of the asset (S,.se) is the size required
to satisfy all lows. The size of the asset is the maximum of the sizes required for
individual flows:

Sasset = max{s;} (3.38)

The sizing cost of an asset (fs.e) is a function of the size of the asset:

fsize = fsize(sasset) (339)

Examples of sizing cost include the maximum power supplied by a generator, or the
maximum power flowing through an electricity line. The sizing cost thus represents
the capital cost of an asset.

Similar to the usage cost, if all s; are the same and linear, then in this special

case, equation transforms to:
fsize = fszze(mzax{fz}) (340)

In this special case, the sizing cost is a function of the maximum of the flows. Once
again, the size and thus sizing cost, of assets may be determined by different com-
ponents, or may be a function of the flows due to certain regulations or reserve

requirements. A minimum size may also be set if there is existing capacity.

3.4.3 Degradation Costs

Certain energy assets degrade when they are used, and need to be replaced when they
are fully degraded. In general their degradation depends on the way they are used.
For instance batteries degrade when they are charged or discharged; they degrade at
different rates depending on their state of charge and charging/discharging current.
These degradation costs can be amortized as an operational cost.

The degradation cost (fzg) represents the cost of purchasing assets and their

replacements. Thus, adding the amortized degradation cost and the capital cost will
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lead to double counting. If an asset does not fully degrade throughout its lifetime,
it only needs to be purchased once, and the cost of purchasing it is the capital cost.
However, if an asset is fully degraded during its lifetime, it needs to be replaced
and purchased again. The number of assets that need to be purchased is the total
amortized cost divided by the cost of purchasing one asset. The actual capital cost

(feapitar) 1s in fact the maximum of the sizing and degradation costs:

fcapital = max{fsizea fdeg} (341)

In reality this slightly overestimates the levelized cost of an energy system as it
assumes that all purchases of future replacements are made at the time of purchase of
the first asset. This may be countered by discounting the amortization cost depending
on the time the asset is used. This however “splits” the asset into multiple small parts
that are purchased at different times. This slightly underestimates the actual cost. In
general, trying to account for this cost fully will make the total cost non-convex. This
may be dealt with by having multiple types of assets that are purchased at different
years. This however, increases the number of assets as there are multiple copies of
assets, distinguished by the year they were purchased.

In the asset model, the amortized cost is a type of usage cost. It may initially be
unclear how to define these costs, especially when they depend on the way an asset is
operated. Consider a process based on the work done by Ahsan et al [I08]. Consider
the example of a Li-Ion battery to illustrate this process.

The amortized cost of using an asset once is the cost of the asset (Coap) divided by
the number of times the asset can be used (N). A traditional curve found for batteries
is the number of lifecyles as a function of depth of discharge (DOD) as shown in Figure
[3.18) Where “one use” of a battery is defined as discharging the battery from full
to that DOD and then charging it back to full, i.e. a charge-discharge cycle. The
degradation cost of one such cycle (foyee) is thus the cost of the battery divided by

the number of lifecycles:

~ Coap
fcycle — N(DOD) (342)

Where N is a function of DOD.
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Figure 3.18: Stylized schematic of the Battery Lifecycle vs Depth of Discharge for
different currents. The number of lifecycles of a battery depends on the depth of
discharge (DOD). At cycles with higher DOD, the battery degrades quicker. The
greater the depth of discharge, the lower the number of lifecycles before the battery
reaches its end of life. The number of lifecyles also depends on the charge-discharge
current. Iy, I and I3 represent three currents in increasing order. At higher currents,
the battery degrades quicker. As the current increases, the number of lifecycles de-

creases.
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Ceyele is the cost of a charge-discharge cycle. However, the battery need not fully
charge nor fully discharge in a simulation timestep. In fact, the battery does not need
to be fully charged before it can begin to be discharged. Consider the definition of
the cost of discharging the battery from an initial SOC; to a future SOCy. SOC is
defined as (1-DOD). This gives:

C
fcycle(SOC) - % (343)

The degradation due to the charging and discharging can be split and set as half the
cost of a charge-discharge cycle. This is because a battery will have to eventually
be charged once it is discharged. This may be split equally or in any other way, but
the equal split is considered here for simplicity. When the battery is discharged to
SOC;, it degrades a total of fyischarge(SOC;). When the battery is discharged further
to SOCy, it degrades a total of fuischarge(SOC;). Thus, the additional amount it
degrades when it is discharged from SOC; to SOCy is the difference of the two:

fdischarge - fcycle(SOCf) - fcycle(SOCi) (344)

Combining Equations and gives:

C’CAP C’CAP
. . p— _ .4
Jaischarge (SOCi, SOCy) N(SOC;)  N(SOC;) (3.45)

This is the degradation cost of discharging a battery as a function of SOC; and SOCj-.

However, if a fixed simulation timestep, dt, is assumed:
SOCy = SOC; — 10t (3.46)

Where [, is the discharging current. The degradation cost of discharging a battery

at timestamp ¢ (Cgischarge(t)) can thus be written as:

1 1

fdischarge(t) = fdischarge(SOC(t)a Id<t>> = C'C’AP N(SOC(t) — Idét) - N(SOC(t))

(3.47)

However, the number of lifecycles of a battery also depends on the current. This is

viewed as multiple lines in Figure [3.18 In general, this would give a surface and:
N = N(S50C,I) (3.48)
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The degradation cost of discharging a battery (fe,) is now:

1 1
fdeg = fdz’scha'rge(soc(t);ld(t>) = C’C'AP N(SOC(t) _ Id5t71d> - N(SOO(t), [d)

(3.19)

The degradation cost of an asset is thus a type of “capital” cost, as it is the cost
of purchasing assets. However, as it depends on the usage of assets, it is a usage
cost instead of a sizing cost. If the degradation cost is lower than the sizing cost, an
asset is only purchased once. If an asset is only purchased once, the capital cost is
just the sizing cost. If the degradation cost is higher than the sizing cost, an asset is
replaced, and thus purchased multiple times. If an asset is replaced, the capital cost
is the degradation cost. Thus, the overall capital cost is the maximum of the sizing
cost and the degradation cost. The switch from sizing cost to degradation cost can
also be interpreted as moving from purchasing all consumables at once, to purchasing

them bit by bit over a long time.

3.5 Summary

This chapter answers thesis sub-question [I[} “what are the minimum and sufficient
theoretical basis functions of all assets in an energy system, and can these functions
be used to create a unified model of assets?” There are five basis functions of an
energy system. Any energy system function can be built from these basis energy
functions. Any of the six types of energy system assets can be modelled using the
five basis functions of an energy system. This chapter develops a unified generalized
spatio-temporal asset model-generator that describe any asset that can perform any
combination of energy system functions. The five basis functions of an energy system

are:
1. Energy Demand: Flow of quantities into a sink node.
2. Energy Supply: Flow of quantities out of a source node.

3. Energy Transport: Flow of quantities from a node of one location to a node of

another location.
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4. Energy Storage/Demand Response: Flow of quantities from a node of one time
to a node of another time. This also includes demand shifting when as energy

can move backwards in time.

5. Energy Conversion: Flow of quantities from a node of one energy vector type

to a node of another energy vector type.

In defining the basis functions of an energy system, this chapter is the first to
mathematically formalize the link between energy storage and demand shifting. En-
ergy storage only moves energy forwards in time. Energy demand can be considered
the anti-particle of energy supply. A flow of demand in one direction, in space-time-
type, is the same as the flow of supply in the opposite direction. Demand shifting is a
generalization of energy storage as it can move energy both forwards and backwards
in time. Equivalently, energy storage is a special case of demand response that only
moves energy forward in time.

This chapter utilizes the representation of the basis energy system functions as
flows in a space time energy vector network to build a unified model for energy system
assets. This is a hierarchical model and is referred to as the asset model. The basic
building block is a node. A node is a point in the network defined by its location,
time, and type; it models the conservation or curtailment of a set of generalized
quantities at that point. A set of ordered nodes define an edge; this contains the flow
of generalized quantities out of its source node, and into its target node. The flow into
the target node of an edge is in general a function of the output flow of the edge and
its neighbouring edges. This models conversions and implicitly models efficiencies. A
set of edges of the same type that differ only by operation times form a component.
A component represents an energy system function. This function can be described
as a combination of the five basis energy system functions. A set of components with
interconnected costs form an asset. This asset model is able to account for capital,
operational, and degradation costs as sizing and usage costs. A set of assets combine
to form an energy system. The cost of an energy system is the sum of the costs of its

constituent assets.
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The main question of the thesis is to determine if a generalized spatio-temporal
model of assets can be developed and utilized to optimize the sizing, operation and lo-
cation of energy system assets. This chapter develops and presents a spatio-temporal
asset model that is able to model any energy system and its costs. The next chapter
uses this unified asset model to develop a theoretical framework that can co-optimize

the sizing, operation, and location of energy system assets with scenario assessment.
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Chapter 4

The Space Time Energy Vector
Flow Networks (STEVFNSs)

This chapter answers sub-question [2| of the thesis:

“Can a model-generator of energy system design problems be developed,
that utilizes the unified model-generator of assets, to co-optimize the

sizing, operation, and location of real assets?”

This chapter does this by developing the Space-Time Energy Vector Flow Net-
works (STEVFNs, pronounced like the name “Steven”) model-generator. The STEVFNs
model-generator consists of three languages and translations between these languages.
The STEVFNs model-generator uses the generalized asset model-generator in chap-
ter |3 as the intermediary language to translate energy system design and operation
problems to mathematical optimization problems.

The main question of the thesis is if a generalized spatio-temporal asset model-
generator can be utilized to optimally size and operate whole energy systems. Chapter
develops and presents a generalized spatio-temporal asset model-generator that
is able to model any asset that can perform any combination of the five energy
system functions. This chapter uses this unified asset model to develop a framework
to translate whole energy system design and operation problems to mathematical
optimization problems.

The energy system design problem is to find the optimal size and operation of
energy system assets at each location. The set of assets that can be built at each

location or between each location pairs is referred to as a “case study”. However,
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the optimal energy system design for a case study depends on various assumptions.
Each set of assumptions is a referred to as a “scenario”. Each scenario will have a
different optimal energy system design. Studying how scenario assumptions affect the
optimal energy system design is referred to as “scenario assessment”. The STEVFNs
model-generator this chapter develops enables scenario assessment of case studies
with optimization.

The STEVFNs model-generator consists of three models, or “languages” and
translations between these languages; Figure shows a schematic of the structure
of STEVFNs. These languages are descriptions of the same energy system design
problem, but focus on different aspects of the design problem, and are thus useful
for different purposes. The first language is the “system designer language”. This
describes the structure and scenarios of the energy system design problem in a simple,
natural language. This gets translated into the “asset modeller language”. The asset
modeller language describes the physics of the assets that form the energy system.
It is a slight modification of the generalized spatio-temporal asset model presented
in chapter [3] This is finally translated into the “optimizer language”. The opti-
mizer language describes a mathematical optimization problem. This optimization
problem is described using disciplined convex programming (DCP) and disciplined
parametrized programming (DPP). Solving this mathematical optimization problem
in the optimizer language equivalently solves the original energy system design prob-
lem in the system designer language. The STEVFNs model-generator thus uses a
generalized spatio-temporal asset model to map, or translate the basic energy system
design problem to a mathematical optimization problem.

Finding the ideal energy system design can be understood using the following
analogy of writing a beautiful story. To find the ideal story that can be written
with some characters, we need to first set the stage by listing the characters in the
story. We then define the personalities and motivations of these characters. We then
translate this to a language that simulates the actions of these characters. The actions
of these characters are then translated into a mathematical optimization problem that
intelligently loops through multiple possible stories to find the ideal story given the

characters and the personalities of these characters. We then change the personalities
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The Three Languages of STEVENSs

System Design Optimization
Language Asset Modelling Language
, Language o

* Potential * Disciplined
Locations Translation | . Generalized Translation| Convex

e Potential Assets  pe—] Coordinates p——p-|  Programming
at Each Location «Flow in Space (DCP)

* Potential Assets Time ande e’ ¢ Disciplined
Between Each « Discrete Neﬁvork Parametrized
Location Pair Programming

* Asset Brands (DPP)

Figure 4.1: Structure of the three languages of the STEVFNs model-generator. The
STEVFNs model-generator maps an energy system design and operation problem
to a mathematical optimization problem using the generalized spatio-temporal as-
set model as a bridge. The STEVFNs model-generator consists of three models or
“languages”, and translations between these languages. The first language is the
system design language. The structure of the energy system design and operation
problem and the scenario assumptions are described in this simple language. This
gets translated to the asset modeller language. The asset modeller language describes
the physics of the energy system assets using the generalized spatio-temporal asset
model presented in chapter |3l This gets translated into the optimization language.
The optimization language describes the mathematical optimization problem that
will eventually solve the system design problem. The optimization language uses Dis-
ciplined Convex Programming (DCP) and Disciplined Parametrized Programming
(DPP).
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and motivations of these characters and repeat the process to find the new ideal story
given the new scenario. We then study how these scenarios affect the ideal story
to find the most beautiful story. The personalities of some seemingly important
characters may be inconsequential in the story. Likewise the motivations of some
other characters may be pivotal to how the story plays out. The most beautiful story
allows the reader to explore the interplay between the personalities of characters and
how the story plays out.

In the process of finding the ideal energy system design, the beautiful story is
the ideal energy system design and operation. The characters are the assets. The
personalities and motivations of the characters are the parameters of the assets, and
the latitudes and longitudes (lat-lon) of the locations. The ideal energy system design
requires studying which scenario assumptions do not affect the system design. These
scenarios become inconsequential in decision making, i.e. a decision may be made
without worrying about which of these scenarios actually plays out. The ideal energy
system design also requires studying which scenario assumptions critically change the
ideal system design. This may dictate what kind of predictions need to improved
before a decision can be made. It may, instead, require decisions to be made with
these risks in mind.

To develop the STEVFNs model-generator, Section first describes the three
languages of STEVFNs: the system designer language, the asset modeller language,
and the optimizer language. An energy system design problem is first described in
the system designer language. This is translated into the asset modeller language
that Section describes. The asset modeller language describes the physics of the
assets that form the energy system. Section then presents how the description
in the asset modeller language can be translated into a mathematical optimization
problem in the optimizer language. The three languages and translations between
these languages form the STEVFNs model-generator. Section [£.4] discusses the ad-
vantages and disadvantages of the STEVFNs model-generator compared to existing

model-generator and tools. Section [.5] finally summarizes the chapter.

87



4.1 The Three Languages of STEVFNs

The first part of the STEVFNs model-generator is the three models, or languages of
the STEVFNs model-generator. All three languages describe the same energy system
design problem; this is the optimal sizing and operation of assets in an energy system.
However, they abstract away various aspects of the problem allowing different experts
to focus and specialize on their respective roles. These are the design of energy
systems, the modelling of the physics of assets, and the solving of mathematical

optimization problems.

4.1.1 System Designer Language

The first language of the STEVFNs model-generator is the system designer language.
This is the simple language used to describe the structure and scenarios of the energy
system design and operation problems described in Figure[d.1} This is the operational
or outermost language, and the ultimate purpose of the STEVFNs model-generator.
Users of any tool implementation of STEVFEFNs will interact with and use this lan-
guage.

Figure shows a schematic of the system designer language of STEVFNs. An
energy system in the system designer language is defined by a set of assets and loca-
tions. These assets and locations have a structure and scenario data. The structure
of the assets and locations define the “structure” of the energy system design prob-
lem, or the “case study”. The scenario data of the assets and locations define the
“scenario” of the energy system design problem.

To build the structure of an energy system design problem, potential assets are
“added” to either a location or between two locations. This is visualized using the
system diagram such as the one Figure [4.2] shows. These assets represent possible
assets that can be sized and operated. The optimization can still choose to not use
these assets. This will be represented as a zero (or near zero) ideal size of an asset.
The structure and scenario data of assets and locations are sufficient to define the
energy system problem. However, the energy system diagram is useful for visualizing

and systematically building the energy system problem.
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System Designer Language

Asset | 7 Location
Structure ] E ne rgy SyStem

1. Asset Type
2. Location 1 1S':Iructure
3. Location 2 @ .Name

4. Start Time
5.End Time

S Brand
Brand 1. Latitude

2. Longitude
=

Figure 4.2: Diagram of the system designer language. The system designer language
in STEVFNs describes the energy system design and operation problem. It consists
of the energy system structure (middle), asset information (left), and location infor-
mation (right). Middle: Example of a simple energy system diagram. The structure
of an energy system is defined by “placing” assets in either one location (Asset 1) or
between two locations (Asset 2). Left: An asset is defined by its structure and its
scenario information. The information of all assets is sufficient to produce the en-
ergy system diagram (middle). Right: A location is defined by its Structure and its
scenario information. The asset and location information are sufficient to define the
energy system design and operation problem. The energy system diagram (middle)
is not necessary to define the energy system problem. However, the energy system
diagram is very useful for visualizing the energy system design problem.
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In the system designer language, the structure of an asset is described by the

following;:
1. Asset Type: This is the class of asset.
2. Location 1: This is the name of first location an asset is attached to.

3. Location 2: This is the name of the second location an asset is attached to.
If an asset is located at one location, Location 2 is the same as Location 1.
If an asset is located between two locations, then Location 2 is different from

Location 1.
4. Start Time: This is the first time that the asset is allowed to be used.
5. End Time: This is the last time that the asset is allowed to be used.

The scenario data of an asset is represented by its brand name. The brand name
is an alias for the set of parameter data for the asset. This parameter data is either
obtained from manufacturer data sheets or via simple black-box experiments (or
tests).

The structure of a location is the name of the location. This name is used to iden-
tify the location and define the links between assets. The scenario data of a location
is the geographical information of the location. One example for the scenario data
for locations is the latitude and longitude (lat-lon) of the locations. The geographical
information of a location need not be represented by its lat-lon. Other sets of data
such as the x-y distance from an origin point may also be used. However, for simplic-
ity, the lat-lon shall be used to represent the scenario data for a location in the rest

of the thesis.

4.1.2 Asset Modeller Language

The asset modeller language is used to describe the physics of assets of an energy
system. This includes all techno-economic constraints and aspects of assets.

In the STEVFNs model-generator, the asset modeller language is a slight modi-
fication of the of generalized spatio-temporal asset model chapter [3 presents. Figure

shows the structure of assets in the asset modeller language. There are two main
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difference between the asset modeller language and the generalized spatio-temporal
asset model in chapter [3] The first is that edges contain an additional set of con-
version function parameters (f’w) The second difference is that assets contain an
additional set of cost function parameters (P 7)-

The set of conversion function parameters in each edge (l3¢) affect the conversion
function of the edge (@/7) In STEVFNs asset modeller language, the conversion func-
tion is thus a function of the flows out of its source and target nodes, as well as the

conversion function parameters. In the asset modeller language, equation thus

transforms to:
Gij = O{Tiavk}, {290}, Py ) (4.1)

Where P, ; is the conversion function parameters of edge (i,]).

The set of cost function parameters in each asset (f5 7) affect the cost function of
the asset (f). In STEVFNs asset modeller language, the conversion function is thus
a function of the flows in each of its edges as well as the cost function parameters. In

the asset modeller language, equation thus transforms to:

f = f{a"va}|vs}, By) (4.2)

The rest of the definition of assets in the asset modeller language are the same as

that of the generalized spatio-temporal asset model chapter [3| presents.

4.1.3 Optimizer Language

The optimizer language in the STEVFNs model-generator describes a mathemat-
ical optimization problem. This mathematical optimization problem represents the
optimal sizing and operation of assets in the energy system. Thus, solving this mathe-
matical optimization problem is equivalent to finding the optimal design of the energy
system.

The optimizer language in the STEVFNs model-generator uses the syntax used for
disciplined convex programming (DCP) with disciplined parametrized programming
(DPP) [25], 206, 24]. Figure shows the parts of an optimization problem in the
optimizer language. The optimization problem is to find the values for all components

of the vector of control variables (#) that minimize the value of the scalar cost function
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Asset Modeller Language

Asset .
Cost Function _

Parameters Pr) Cost Function (/) |

Component

Template Edge
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1. Start Time 2. Target Node Location
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Figure 4.3: Structure of the asset modeller language. The asset modeller language
in STEVFNSs is a slight modification to the generalized spatio-temporal asset model
presented in chapter [3] There are two main differences. Firstly, the edge contain
conversion function parameters (13¢) Secondly, the asset contains cost function pa-

rameters (P 7)-
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f. This is subject to the value of all components of the vector inequality constraint
function (§) being less than zero. This is also subject to the value of all components
of the vector equality constraint function (E) being equal to zero. f, g, and h are also

functions of the vector of parameters (P).

Optimizer Language

Optimization Problem

s * ¢+ ¢

[Equa.ity (z)] [Inequality (:é)] [cOst ( f)] [\C/g:;fbﬂ'es (55)] [Parameters (f’)]

Constraints Constraints Function

Figure 4.4: Diagram of the optimizer language. The optimizer language defines an
optimization language using DCP and DPP. In this, an optimization problem consists
of minimizing a cost function (f). This is subject to inequality constraints functions
(g), and equality constraints functions (i_i) These functions are convex functions of
the control variables (), and follow DCP rules. The functions are also parametrized

by the parameters (P), and follow DPP rules.
We can write the mathematical optimization problem of the optimizer language
in the standard form as:
minimize f = f(Z, P)
with respect to &

subject to ﬁ(f,f’) <0

As the optimizer language of STEVFNs uses the syntax of DCP and DPP, it also
imposes DCP and DPP rules. Functions f and ¢ must be convex with respect to
Z. ¢ is the net flows of generalized coordinates that are curtailed. Thus, for g to be
convex, the conversion functions (159) of curtailed coordinates of all edges connected
to a node must be concave and positive, or convex and negative.

Function & must be affine with respect to . h is the net flows of generalized
coordinates that are conserved. Thus, for h to be affine, the conversion functions

(Jh) of curtailed coordinates of all edges connected to a node must be affine.
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f, g, and h must also be parameter affine with respect to the parameters P. The
full set of rules that define whether a function is convex, affine, or parameter affine
is described in the literature [25] 26, 24]. A tutorial for DCP and DPP is presented
in the CVXPY user guide [173].

The relevant parts of the DCP and DPP rules are reproduced for convenience [173].
DCP analysis of an expression consists of analyzing the expression as atomic functions
of its sub-expressions. This process is continued until the final sub-expressions are
atomic functions. Atomic functions are functions that have known convexity.

f(expry, exprsy, ..., expry,) is convex if f is a convex function and for each expr;,

one of the following conditions hold:
e fisincreasing in argument i (i.e. f increases as i increases) and expr; is convex.
e f is decreasing in argument ¢ and expr; is concave.
e expr; is affine or constant.

Similarly, f(expry,exprs,...,expr,) is concave if f is a concave function and for

each expr;, one of the following conditions hold:
e f is increasing in argument ¢ and expr; is concave.
e f is decreasing in argument ¢ and expr; is convex.
e cxpr; is affine or constant.

An expression is affine if it is both convex and concave. The list of atomic, or
basic functions are provided in CVXPY user guide [173].
For DCP expression to be DPP with respect to parameters, the expression must

be affine with respect to its parameters. Under DPP, the following two rules apply:
1. Parameters are parameter affine.

2. The product of two expressions is affine if at least one of the expressions is
constant, or when one of the expressions is parameter-affine and the other is

parameter-free.
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Note that while ensuring the problem is DCP and DPP compliant allows us to
ensure the problem is convex and use DPP to rerun problems quickly, it is not required
to model a system. Relaxing the DCP or DPP compliance loses some associated
benefits, but the optimization problem can still be formulated. In such situations,
the solvers used simply need to be changed.

If any f, ¢, and h are not DPP compliant, alternate formulations or approxima-
tions could be made to make them DPP compliant; examples of this are given in
CVXPY examples [|. If a component cannot be made DPP compliant, the compo-
nent can still be modelled and the optimization can still be solved; only the ability
to resolve problems quickly via DPP is lost.

Similarly, if any f, g, and h are not DCP compliant, approximations could be
systematically made to make them DPP compliant; Chapter [§|describes this in further
detail with examples. If a component cannot be made DCP compliant via reasonable
approximations, then the resulting optimization problem can still be solved. However,
the solution cannot be guaranteed, and an approximate solution may not be able to
be found in reasonable time. Furthermore, in such cases heuristic solvers need to be

used like machine learning, swarm optimization, etc.

4.2 Translation from System Designer to Asset Mod-
eller Language

The previous section introduces the three languages of the STEVFNs model-generator.
With the three languages defined, the next step is to define the translations between
the three languages. The energy system design and operation problem is first de-
scribed by the system designer in the system designer language. This first needs to
be translated to the asset modeller language. This section describes the translations
from the system designer language to the asset modeller language. Figure shows a
schematic of the translations from the system designer language to the asset modeller
language.

Defining the asset type name in the system designer language defines the type
of asset; cost function; list of components; and the conversion function of the com-

ponents. The start time and end time are defined in the system designer language;

95



Translation from System Designer to Asset Modeller Language

System Designer Language Asset Modeller Language
]
- Asset -
Asset Type Cost Function Cost Function
Name > Parameters
d
Asset Brand - l
Name w
) Component
—— Asset Brand
Location1 &2 | —»| Parameters Conversion Conver.sion
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Function

Parameters

Location 1 & 2 ———————
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Figure 4.5: Diagram of the translation from the system designer to asset modeller
language. An asset is described in the system designer language, these are then
translated to descriptions in the asset modeller language. Defining the asset type
name in the system designer language defines the type of asset; cost function; list
of components; and the conversion function of the components. The start time and
end time are defined in the system designer language; these gets translated to the
operational times of components in the asset modeller language. Locations 1 and
2 in the system designer language combine with the operational times in the asset
modeller language to define the template edge of various components in the modeller
language. These define the structure of the asset, and are sufficient to build the
asset. To update the asset, the system designer needs to define the asset brand name,
and location 1 and 2 lat-lon. These link to predefined asset brand parameters in
the system designer language. These asset brand parameters get translated to cost
function parameters of the asset, and conversion function parameters of the asset’s
components in the asset modeller language. These define the parameters of the asset,
and are sufficient to update the asset.
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these gets translated to the operational times of components in the asset modeller
language. Locations 1 and 2 in the system designer language combine with the op-
erational times in the asset modeller language to define the template edge of various
components in the modeller language. These are the source and target node locations
of template edges. These define the structure of the asset, and are sufficient to build
the asset.

To update the asset for a new scenario, the system designer needs to define the
asset brand name, and location 1 and 2 lat-lon. These link to predefined asset param-
eters in the system designer language. These asset parameters get translated to cost
function parameters of the asset, and conversion function parameters of the asset’s
components in the asset modeller language. These define the parameters of the asset,
and are sufficient to update the asset.

With this, system designers will be able to define an energy system design problem

in the system designer language and have it translated to the asset modeller language.

4.3 Translation from Asset Modeller to Optimizer
Language

The previous section describes how energy system design and operation problems can
be translated from the system designer language to the asset modeller language. This
section describes how the description of the same problem can be translated from the
asset modeller language to the optimizer language.

Figure 4.6[shows a schematic of the translations from the asset modeller language
to the optimizer language. An energy system in the asset modeller language maps
to an optimization problem in the optimizer language. Each asset has a cost in the
asset modeller language; these add up to form the objective cost function of the
optimization problem. Each asset is also associated with optimization parameters.
Each edge is associated with a set of optimization control variables. Each node is

associated with a set of optimization constraints.
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Translation from Asset Modeller to Optimizer Language

Asset Modeller
Language
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Figure 4.6: Diagram of translations from the asset modeller language to the optimizer
language. An energy system in the asset modeller language maps to an optimization
language in the optimizer language. Each asset has a cost in the asset modeller
language that add up to form the objective cost function of the optimization problem.
Each asset is also associated with optimization parameters. Each edge is associated
with a set of optimization control variables. Each node is associated with a set of
optimization constraints.
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Each asset («) has a cost (f,) in the asset modeller language; these add up to

form the objective cost function of the optimization problem f.

F=Y fa (4.4)

—

Each asset («) has parameters (P,). The set of parameters of all assets form the

parameters of the optimization problem in the optimization language (P).
P = {P,|Va} (4.5)

P can also be written as a vector of the parameters of the n assets in the energy

system:

—

P = (P,,P,,..,P,) (4.6)

The flow (Z5) of each edge (/) in the asset modeller language is a control variable
in the optimizer language. Thus, the control variable in the optimization language

(Z) is the set of flows of all assets in the asset modeller language.
7 = {#,|V8) (4.7
Z can also be written as a vector of the flows of the n assets in the energy system:
T = (T, %9, ..., Tp) (4.8)

Each node (i) in the asset modeller language has an inequality function (g;) and
an equality function (FLl) The inequality and equality constraints of the optimization
problem in the optimizer language are the union of these constraints. The inequal-
ity constraint function (g) in the optimizer language can be written as a vector of

inequality functions of the n assets in the energy system:

g’: (§17g27"‘7§n) (49)

Similarly, the equality constraint function (E) in the optimizer language can be

written as a vector of inequality functions of the n assets in the energy system:

h=(hy, hy, ..., hy) (4.10)
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This fully describes the translations from the asset modeller language to the op-
timizer language, and thus the STEVFEFNs model-generator. With this, a system
designer can now describe an energy system design problem in the simple system de-
signer language and have it systematically translated into a mathematical optimiza-
tion problem in the optimizer language. This is possible because the asset modeller

language and the two translations act as a bridge between the two languages.

4.4 Advantages and Limitations of STEVFNs

This section discusses the advantages and disadvantages of the STEVFNs model-

generator compared to existing model-generators or tools in the literature.

4.4.1 Unified Energy Model

Model-generators in the literature have different models for different assets e.g. bat-
teries, hydrogen, electricity lines, EVs, heating demand, solar panels, fossil fuel gen-
erators, etc. Model-generators such as OSeMOSYS, TIMES, and MESSAGE use
”generalized technologies” and define them using input output matrices. However,
they still fundamentally treat models for transport, conversion, storage and demand
response energy services differently. E.g. storage is usually treated using snapshots in
time, and the state of charge is a function not a decision variable: it is the cum-sum
of all charging and discharging power in the past timesteps. This makes it difficult to
model and study various assets and services together, especially when building opti-
mization problems. STEVFNs provides a unified model-generator to model different
energy assets, and different services using a common framework. This makes it very
easy to model or study any generic energy systems asset. Insights from one type
of asset or energy system function can then be easily translated to another asset or
function. It also makes it easy to implicitly and systematically model the optimiza-
tion problem. This is demonstrated in the implementation of STEVFNs as a tool in
Chapter

However, even though STEVFNSs is able to model a lot of different energy assets,
it will usually run slower than models that only simulate one type of energy asset or

energy system function. More specialized models in the literature take advantage of
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the specific structures of the assets or energy system functions that they are simulat-
ing. Thus, in these specific instances, they will run quicker than STEVFNs as they
are specialized and optimized for their bespoke use case.

Existing models in the literature may be able to model individual assets more
accurately than STEVFNs because they are not restricted to convex functions. The
STEVFNs model-generator tries to guarantee convexity. This creates constraints
on the type of functions that can be used to model assets. Some other models in
the literature do not have such constraints, e.g. ACOPF. Thus, other models can be
more accurate in simulating individual assets. However, we may relax the condition of
convexity in STEVFNs. This just means that we cannot guarantee global optimality.
This would mean we would need to use heuristic algorithms such as Machine Learning
to solve the problem. However, we still have the rest of the benefits of STEVFNs and
may be able to use it as a better simulation framework rather than an optimization
framework. E.g. it could be used during training during reinforcement learning.
The only change we would need to make in the model-generator is the optimization

method adopted in the optimizer language.

4.4.2 Combined Sizing and Operation

Most energy systems optimization model-generators either do optimal sizing or op-
timal operation. Some models that try to do both do so by assuming a very simple
operational strategy. However, different sized systems have different optimal oper-
ational strategies, and vice versa. Some research in the literature try to do bi-level
optimization to solve this. They have an optimization problem for sizing an energy
system, and have an optimal operation/control problem at each iteration of the siz-
ing problem. This is very confusing to model and study, and the computational
complexity of the problem grows quickly as the number of assets grows. In particular
because they do not use the formalized notion of movement in time, they cannot har-
ness parallel processing and the time complexity of problems increases. STEVFNs
implements sizing costs as a function of the maximum of flows, rather than as con-

straints on flows at each time. This allows both sizing and operation at the same
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time without the need for bi-level or multi-level optimization. This allows the har-
nessing of parallel architectures and reduces the time complexity of such problems.
Some model-generators such as EFOM[174] and PREP-SHOT|[175] are attempting to
use the multi-level optimization or and other ways of splitting to apply parallel algo-
rithms such as benders decomposition. However, the parallizability of these problems
are limited because they treat time as snapshots.

Although STEVFNs is able to do both optimal sizing and operation concurrently,
it may be slower than existing model-generators that only do either of these. Some
model-generators in the literature may even be able to optimize for some opera-
tion alongside sizing. However, these models make very simple assumptions about
the assets, such as linearity and number of timesteps, and take approximately the
same time to rerun when parameters are updated. Examples of such tools include
MARKAL/TIMES [9] or OSeMOSYS [§]. There are extensions to these models that
try to relax these approximations, but these become limited due to computational
run times.

Model-generators in the literature that only do optimal control/operation may be
able to work faster than STEVFNs. This is obviously true if STEVFNs is optimizing
for both sizing and operation. However, this may also be true for just operation. This
is because these specialized model-generators are able to take advantage of special
structures of the optimization problem. E.g. they may use the fact that the size of
assets is constant. They may also take advantage of usage patterns, i.e. data, and
apply heuristic algorithms for quick yet relatively accurate results. These include
model predictive control and machine learning. However, researchers are working on
machine learning algorithms, to train on ACOPF, and generate accurate inference
functions that are convex [I176]. STEVFNs will be able to use such machine learning
algorithms to generate approximate convex functions. Machine learning algorithms
can also be used to solve the optimization problem in STEVFNs when allowing the

assets and thus problems to be non-convex.
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4.4.3 Computable General Equilibrium Models

Most energy system optimization models or model-generators usually assume a fixed
demand, such as OSeMOSYS. However, the quantity of energy service demanded
could depend on the cost of the service. STEVFEFNs represents utility of quantity
demanded as a negative cost. This thus allows STEVFNs to model market equilibrium
similar to tools such as MARKAL/TIMES. However, MARKAL/TIMES explicitly
models these costs and thus needs to distinguish different markets. It thus is only a
partial equilibrium model: the equilibrium at each market is calculated separately,
and we cannot see how one market affects another. This is because MARKAL/TIMES
is restricted to a linear model. Some, such as Lavigne [I57], attempt to introduce
price elasticity, but need to use step functions that can cause numerical stability
issues during optimization. Some also try to link macroeconomic models together
such as with TIMES-MACRO [56] and TIMES MACRO Plus[I77]. However, as both
TIMES and MACRO linked models perform optimization, this leads to inefficiencies
in optimization as well as obfuscation of how to simply models. STEVFNs allows for
convex costs, not just linear costs. STEVFNs calculates the total cost of a system,
and thus the total welfare of a system, i.e. all markets. It is thus able to maximize
the total welfare of all markets and is able to account for the effect of one market
equilibrium on another. STEVFNs is thus, a computable general equilibrium model,
rather than a partial equilibrium model.

In the current formulation and implementation, the STEVFNs model-generator is
only able to account for a traditional market equilibrium. However, there are various
methods in the literature that model novel energy markets such as by using agent
based decision making, stochastic decision making, least regret decision making, and
hierarchical prioritization of demands. The current formulation and implementation
of STEVFNSs is currently unable to model these special markets. However, individual
players in these markets may be modelled as assets. Their actions, or choices would
then be modelled using flows along edges. This would thus allow STEVFNs to model

a wide class of novel energy markets, not just traditional ones.
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4.4.4 Rerunning Problems Quickly Using CVXPY

There are three main types of tools available in the literature: accounting tools such
as MAED; scenario simulation tools such as MUSE; and optimization tools such as
0SeMOSYS, MARKAL/TIMES, MESSAGE, PyPSA and Calliope. Accounting or
simulation tools can run different scenarios very quickly (within seconds or minutes),
and allow policymakers to quickly test the effect of different energy systems. However,
while these tools allow users to predict the impact of different assumptions and system
sizes, they require users to manually find the ideal size and operation for each set
of scenario assumptions. This is where optimization tools come in; these are able
to optimize the ideal system size (and sometimes some of the operation) for given
scenario assumptions. However, these optimization tools take very long, hours or
even days, to run one scenario. Modules such as OSeMOSYS-PuLLP are able to do
batch processing of scenarios, potentially in parallel. However, they require the list
of scenarios to be tested to be know in advance. This limits the functionality of such
tools as scenarios cannot be tested “on the fly”. Because STEVFNs is able to take
advantage of similar problem structures, solving optimization problems for different
scenarios can be done orders of magnitude quicker. If a STEVFNs problem takes a few
hours to run once, it can be rerun for another scenario, i.e. with updated parameters,
in a matter of seconds. This is because STEVFEFNS is able to utilize disciplined convex

programming and disciplined parametrized programming using CVXPY [173].

4.4.5 Convex Analysis

STEVFNs was built ground up with convexity in mind. It is thus very easy to
guarantee that the optimization problem of an energy system design problem is convex
using STEVFNs. As long as the conversion function of each component is concave,
the component is convex. As long as each component of an asset is convex, and
the conversion function of an asset is convex, the asset is convex. As long as each
asset of an energy system is convex, the energy system (and its design problem) is
convex. STEVFNs is implemented as a tool in Chapter [7]using CVXPY. This allows

the convexity of each conversion function or cost function to be tested automatically
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using CVXPY. CVXPY also automatically flags if any of these functions are non-
convex.

Even when a problem is non-convex, STEVFNs allows quick and easy visualization
of the non-convexity. It can then easily visualize approximations for those surfaces
or functions that can make the problem convex. This is demonstrated further in
modelling batteries in Chapter 5 Thus, STEVFNs also allows easy identification of
assumptions that make a problem non-convex, and find good approximations to make
the problem convex. This visualization can also show if no “good” convex approxima-
tion exists and quantify how “non-convex” a problem is. If no good approximations

exist, heuristic algorithms should be used to solve the problem.

4.4.6 Parallel Computing

Most of the recent increases in computational speed have been achieved by paral-
lelization. The increase in serial computational speed is now minimal, dwarfed by
the increase in the number of cores of modern computers with massively parallel ar-
chitectures such as multicore CPUs, GPUs and FPGAs. And STEVFNs uses the
formalized notion of movement in time, the constraint at each time only depends on
the neighbouring flows. This means that the problem can be naturally, and system-
atically split into various subproblems that can be solved independently. This allows
the harnessing of the power of massively parallel architectures of modern computers.
While the number of assets may only be of the order of tens, or hundreds; the number
of processors in modern GPUs for example is of the order of thousand or tens of thou-
sands. The number of timesteps of a simulation is of the order of tens or hundreds of
thousands, thus allowing the harnessing of the power of increasingly parallel comput-
ers. This thesis only uses serial optimization algorithms. This is because SCS indirect
GPU parallel solvers are still experimental and the author was unable to implement
them on their machine. This is an easy extension for future research. The author of
the thesis has tried using CUDA and GPU programming to build their own solver for
a very small test case. This was able to run a few thousand times quicker than the
equivalent sequential algorithm for that test case. Future research could build custom

parallel convex solvers for CVXPY that can harness the structure of STEVFNs to
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run quickly on parallel architectures, specifically Nvidia or AMD GPUs using CUDA
or ROCm, respectively. Enzyme AD is a new tool that provided automatic differenti-
ation for arbitrary kernels on the GPU [178, [179]. This is an excellent starting point
for implementing custom parallel optimization implementation of STEVFNs on the
GPU.

The full details of how STEVFNs can be parallelized by utilizing locality is beyond
the scope of this thesis and will be developed in subsequent work. However, the
following is an outline for how this parallelization can be done. This is to provide
an intuitive understanding of locality and how the parallelization can be achieved
without needing to understand the deep intricacies of GPU architecture.

In STEVFNs the constraints at a node can be added to the optimization cost
using either a barrier or penalty function. The constraints at a node depend only
on the input and output edges connected to the node. The flow into a node via an
edge is a function of the flow of the edge. Thus, the constraint at a node depends
only on the flow in the edges connected to the node. Thus, the constraint functions,
and thus the associated barrier or penalty functions at each node can be calculated
independently.

Figures[L.7(a) and [.7|(b) show schematics of computational dependencies for sim-
ulating a BESS using snapshots in time and flows in time, respectively. When snap-
shots in time are used, the constraint at a node depends on the values of all the
edges at all previous times. The number of edges represent both computation and
communications. However, when flows in time are used, the number of edges are
reduced. More importantly, the average number of edges connected to each node is
also reduced. This reduces the computation and communication times. Furthermore,
this allows the parallelization of the problem as each node only depends on the flows
at the immediately previous and next time.

When snapshots in time are used as in Figure (a), the SOC at a specific time
is a function of the P at all previous times. Thus, the total number of edges, and
thus the computational complexity, grows as O(T?), i.e. quadratic with time. Where

T is the total number of timesteps. Because each subsequent SOC requires more
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Computational Dependencies

(a) Snapshots in Time (b) Flows in Time

71

Figure 4.7: Computational Dependencies with Snapshots and Flows in Time. This
is an example of calculations needed to simulate a BESS. P refers to the charg-
ing/discharging power at different times. SOC refers to the state of charge at different
times. (a) When the BESS is simulated using snapshots in time, the SOC at a specific
time is a function of the P at all previous times. Thus, the number of connections,
and thus computations, grow as O(T?), i.e. quadratic with time. Where T is the
number of timesteps. As the calculation of subsequent SOC requires more and more
computations, the total computation cannot be split evenly to multiple processors.
(b) When the BESS is simulated using snapshots in time, the SOC constraint at a
specific time is only a function of the current SOC, previous SOC, and the current
P. Thus, the total number of connections, and thus computations, grow as O(T),
i.e. linearly with time. Furthermore, computational burden can be split evenly to
different processors as the total number of timesteps grows.

)
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computation than the previous, the total computation cannot be split equally to
different processors.

When flows in time are used as in Figure (b), the SOC constraint at a specific
time is only a function of the current SOC, previous SOC, and the current P. Thus,
the total number of connections, and thus computations, only grow as O(T), i.e.
linearly with time. Furthermore, each SOC constraint calculation requires the same
amount of computation and the total computation can be equally split to different
Processors.

Figure shows a schematic of the computation and communication in a parallel
architecture using STEVFNs. The flows in the edges represent optimization control
variables. The nodes contain optimization constraints. The information that needs
to be stored is only the actual flows in the network, i.e. connections between nodes
that are not connected, do not need to be stored. This eliminates the problem of
“sparse matrices”.

However, note that modern highly parallel GPU architecture consists of single
instruction multiple data (SIMD) architecture. Thus, to take advantage of this, the
same function needs to be performed on different values. The definition of “compo-
nents” follows this structure. All edges of a component have the same conversion
function, as they perform the same operation between different different times. Thus,
GPUs can be used to perform these parallel operations, especially when timesteps
of optimization increases dramatically. This allows the increase in optimization time
resolution and time horizon by splitting the task to different GPUs. By not needing to
calculate the constraints at different times sequentially, the overall time to calculate
each timestep can be kept near constant. In practice, this time will slightly increase
due to overheads in communications between GPU cores.

Even though less information needs to be stored, each edge is connected to two
nodes, thus this information needs to be stored in both nodes, or in a shared location.
During each optimization step, the change in the variable at each node is determined
by the differential of the constraint function at both nodes, and the final value then
needs to be communicated back to the two nodes. Thus, the communication between

nodes is given by the edges surrounding a node. Nodes can also be considered as
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Computation and Communication
in Parallel Architecture
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Figure 4.8: Computation and Communication in Parallel Architectures. Each node
represents a computation. The number of edges connected to a node is the total
calculations required at each node. Each edge represents the communication required
between two computations. The dotted lines represent splittings of the total compu-
tation into different regions. Each region represents the total computation that will
be completed by a processor. The only communication require between processors is
the edges between processors. This is represented by the number of edges cut by the
dotted line.
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representing the “calculations” that need to be performed. Thus, multiple nodes can
be mapped to one processor, this can be represented by the dotted lines creating
regions in Figure 4.8l Thus, the total computation that needs to be completed by
each processor is represented by the “area” of these regions, split by the dotted lines.
The communication between processors is represented by the number of edges cut by
the dotted surface splitting these regions. As communication costs are very high in
parallel architectures, the splitting of processing needs to be done in such a way as
to minimize the surface area to volume ratio. This is similar to packing problems,
and intuitive solutions could be hexagons or spheres. However, GPUs have further
sub-structures that make it more efficient if the number of computations are multiples
of 32 or 64 depending on the specific architecture. This would mean that the ideal
“shape” of the computation regions may be slightly ellipsoidal.

These highlight some intuitions of how locality is achieve in STEVFNs and how it
can be harnessed to parallelize not just simulations, but optimization problems. These
also give a general roadmap of how GPU architecture can be naturally mapped with
the STEVFENS hierarchical framework of components and assets to harness the power

of massively parallel SIMD architecture of modern and upcoming GPUs.

4.4.7 Sensitivity Analysis

The STEVFNs model-generator uses DPP from CVXPY. Recent developments allow
for the differentiation of solutions (costs and control variables) with respect to the
optimization parameters [24]. Even if optimization problems are rerun with DPP, it
allows the measurement of how the optimal design of a system is affected by changes in
parameters. This can be done much quicker than traditional methods as it employs
DPP. This allows for incredibly quick and efficient sensitivity analysis of optimal

energy system design that is currently not possible in the literature.

4.5 Summary

This chapter answers the thesis sub-question 2} “Can a model-generator of energy
system design problems be developed, that utilizes the unified model-generator of

assets, to co-optimize the sizing, operation, and location of real assets?” This chapter
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develops the Space Time Energy Vector Flow Networks (STEVFEN; pronounced like
the name “Steven”) model-generator to co-optimize the sizing, operation, and location
of energy system assets with scenario assessment.

The STEVFNs model-generator translates energy system design problems into
mathematical optimization problems. The STEVFNs model-generator consists of
three languages and translations between these languages. A system designer de-
scribes the energy system problem in a simple, natural language. This gets translated
into the asset modeller language; this is a slight modification of the generalized spatio-
temporal asset model in chapter [3| Descriptions in the asset modeller language then
get translated into a mathematical optimization problem described in the optimizer
language. The optimizer language uses the syntax of disciplined convex programming
(DCP) and disciplined parametrized programming (DPP).

The main question of the thesis is to determine if a generalized spatio-temporal
model-generator of assets can be utilized to optimize the sizing, operation, and lo-
cation of energy system assets. This chapter utilizes the generalized spatio-temporal
model-generator of assets from chapter [3| to build the STEVFNs model-generator to
optimize the sizing, operation, and location of any energy system assets. This chapter
theoretically shows that this can be done for any energy system built of any energy
system asset that can perform any combination of five energy system functions. While
this chapter shows that solutions exist for building models for any energy system as-
set using the STEVFNs system design and unified asset model-generators, it does
not show how assets can be built using the model-generators. It is still non-trivial
to model concrete, real-world assets in STEVFNs using manufacturer data or simple
black-box experimental measurements. Concrete, real-world examples of energy as-
sets need to be modelled in STEVFNs before the STEVFNs model-generators may be
used for a real case study. The next chapter models eleven classes of energy system

assets using the STEVFNs model-generators.
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Chapter 5

Modelling Real Assets Using
STEVFNs

This chapter answers sub-question |3| of the thesis:

“How are models for real-world assets generated from traditional data

using the model-generators?”

This chapter models eleven classes of simple and complex energy system assets
using STEVFNs asset modeller language and manufacturer data-sheets, or simple
black-box measurements.

The main question of the thesis is if a generalized spatio-temporal asset model-
generator can be developed and used for the optimal sizing, operation and location of
energy system assets. Chapter |3| develops and presents a generalized spatio-temporal
asset model-generator that can model any energy asset that can perform any com-
bination of the five basis functions of an energy system. Chapter |4| uses this asset
model-generator as an intermediary “asset modeller” language to build a system de-
sign model-generator to map whole energy system design and operation problems
to mathematical optimization problems. This model-generator is called STEVFNs.
While chapters [3] and [] theoretically answer the thesis question, it is non-trivial to
model concrete, real-life energy assets in STEVFNs. This consists of both describing
an asset in the asset modeler language using the generalized spatio-temporal asset
model-generator, and defining the translations to the system designer language. This
needs to be done before STEVFNs can be used to solve real case studies.

This chapter models various concrete, real-world assets in STEVFEFNs. The real-

world data required is easily obtainable. I.e. it is either present in asset datasheets, or
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can be easily measured by treating the asset as a black-box. This chapter models as-
sets that consist of only one component and that can perform any one of the five basis
functions of an energy systems, individually; these are referred to as simple assets. As
there are only five types of simple assets, this chapter models all five of these simple
assets. This chapter also models six assets that consist of multiple components and/or
can perform multiple energy system functions; these are are referred to as complex
assets. As there are potentially infinite number of complex assets, this chapter only
models a few common complex assets. This set of assets includes assets with multiple
components and/or that perform multiple basis functions of an energy system. This
demonstrates how any complex asset may be modelled. In modelling these assets in
the asset modeller language and translating them to the system designer language,
this chapter demonstrates how to easily identify what might make the optimization
problem non-convex. And if so, it demonstrates how STEVFNs makes apparent the
class of approximations that can be made to make the problem convex.

Section [5.1] first models the five types of simple energy assets. With this, the
reader should become accustomed to the process of modelling assets in STEVFNs.
Section then models six complex energy assets. Modelling these complex energy
assets also demonstrates how STEVFNs can help make clear what asset assump-
tions make an energy system design problem non-convex. And in those situations,
it demonstrates how to find approximations to make the asset, and thus the energy
system optimization problem, convex. Section [5.3| finally concludes the chapter by
summarizing the limitations of the models presented in the chapter as well as future

assets that need to be modelled in STEVFEFNSs.

5.1 Simple Energy Assets

To get accustomed to modelling assets in STEVFENs, this chapter first models the five
simple energy assets. These are one asset for each of the five basis functions of an
energy system: energy demand, energy supply, energy transportation, energy storage
and energy conversion. This will allow the reader to understand the basics of the

languages in STEVFNs and the process of building translations between them. It
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Table 5.1: Template Edge of Electricity Transport Component

Source Node Type Electricity Grid (EL)
Target Node Type Electricity Grid (EL)
Source Node Location Location 1
Target Node Location Location 2
Operational Time Difference (dt) 1 hour
Time Difference Between Target and Source Node (At) 0 hour

will also help the reader get accustomed to thinking in the languages of STEVFNs

when describing assets.

5.1.1 Electricity Line

Consider a simple asset that only performs the energy system function of energy
transportation, i.e. it only transports a flow from one location to another location
without any change in time or type. An example of this is an electricity line, such as
a HVDC or AC transmission line. For simplicity, consider one electricity line that can
be operated independently, i.e. the power going through the line can be controlled
independently of other electricity lines. Also assume that electricity can only flow in
one direction along this line.

In the asset modeller language, we can model such an electricity line as an asset
with one component: the electricity line component. The electricity line component
represents the flow of electricity along the electricity line in one direction.

The electricity line component moves electricity from the electricity grid node at
a specific location and time, to the electricity grid at a different location but same
time. An illustration of the template edge of the electricity transport component is
shown in Figure [5.1] This diagram is referred to as the “Template Edge Diagram”.
The template edge of the electricity transport component is defined by the following:

Consider the conversion function (1) of the electricity line component. The flow
leaving the source node and the flow entering the target node are both of type “elec-
tricity”. Thus, the conversion function of the edges of the forward component can be
viewed as containing the transport efficiency. The power flowing out of the electricity
grid and into the electricity line at location 1 at time ¢ is P, (t). The power flowing

into the electricity grid and out of the electricity line at location 2 is P,,;. Assume
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Figure 5.1: Template Edge Electricity Line. The single directional electricity line asset
only has one component. The template edge of this component moves electricity from
the “Electricity Grid” node (EL) at a specific location and time to the Electricity Grid

node (EL) at a different location but same time.
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that the electricity line has resistance R, and the voltage at the source node and

target nodes are V; and Vi, respectively. Let I; be the current along the line at time

t, thus:
Vi=W—-LR (5.1)
P, is given by:
P = Vol (5.2)
P,,; is similarly given by:
Pout - ‘/l-lt (53)

Combining Equations b.2] and [5.3] gives:

R

Pout:Pin_<It)2R:Pi )
%2

(Pin)? (5.4)

This is a concave function in P;,, and will keep the optimization problem convex.
Thus, the quadratic losses in an electricity line can be simulated to optimize the
operation of an electricity line.

Consider the sizing cost of this electricity line. The capital cost of the electricity
line (feap) is proportional to the length (L) of the line and the cross-sectional area
(A) of the line.

Jeap = CogpLA (5.5)

Ceqp is the capital cost of the electricity line per unit length, per unit area. Where
Ceap and L are parameters and can be combined into one parameter. A is a decision
variable. This gives us a linear sizing cost for the asset.

However, the resistance of the line also depends on the length and cross-sectional

area:
pL

R=— 5.6
. (55)

Where p is the resistivity of the electricity line.

Equation [5.4] now transforms to:
pL (P;)*

Py = Py — — 5.7
t %2 A ( )

This is shown in Figure [5.2]
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P_out

Figure 5.2: I?R Losses. An electricity line may be represented as a resistor. The
output power (P,,) is a function of the input power (F;,). If we assume a constant
voltage at the start of the line and constant resistance, this will be a quadratic curve.
This curve may be approximated by assuming P,,; is proportional to P;,; this is
shown using the green line. This is equivalent to saying that the electricity line has
fractional losses, or constant efficiency. If we know that we will only be operating the
electricity line at higher powers, we may instead use a linear approximation closer to
the region of operation; this is shown as the red line.
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Even if the various parameters are combined into one parameter, the P,,; is now
no longer concave with the decision variables P, and A. Thus, the combined optimal
operation and sizing of a single electricity line will be a non-convex problem.

A similar situation occurs when trying to optimize the sizing and operation of a
line with DCOPF in PyPSA. Even though optimizing the operation with DCOPF is
a convex (linear) problem, the co-optimization of sizing and operation in DCOPF is
non-convex as the admittance matrix values become variables. This is why PyPSA
uses domain specific heuristic algorithms and bi-level optimization when performing
sizing and operation of power grids [I1]. Similar techniques can be applied to other
model-generators such as MARKAL and OSeMOSYS using NLP techniques with
similar associated computational time penalties.

Consider an approximation for the conversion function to make the problem con-
vex. In the literature, the losses of a HVDC line are assumed to be proportional to
the length of the line [I80)], [I81] [182]. This is equivalent to a straight line as shown in
Figure [5.2] The straight line is a reasonable approximation if the line operates over
a certain power region. If it is known that the electricity line will be operated in a
much smaller region away from zero power, the second line may be used to better
approximate that region of the curve. For simplicity, assume that losses are a fixed
fraction of the energy transported, i.e. the line that goes through the origin.

The flow along the edges of the electricity line component at operational time ¢
(x¢) is the amount of electrical energy that moves out of the electricity grid node
at location 1 from time ¢ to time ¢t + dt. y; is the flow of electrical energy into the
electricity grid node at location 2 at time ¢, and is given by the conversion function,

1. The conversion function of the electricity line component (1)) is given by:

yo = () = (1 = Lp)z, (5-8)

Where g is the fractional loss per unit distance, and is an asset brand parameter in
the system designer language. p has units m~! L is the length of the electricity line,
and is defined by the lat-lon of locations 1 and 2 in the system designer language. L

has units m.
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For simplicity, the electricity line can be assumed to go along the shortest path,

or “as the bird flies”, and L can be approximated as:
L(p1, M\, d2, A2) = Rcos™" (sin ¢y sin ¢ + cos ¢y cos ¢a cos (A — Ap)) (5.9)

Where R is the radius of the earth and is a constant, ¢; and \; are the latitudes
and longitudes of location 1 in the system designer language, and ¢, and Ay are the
latitudes and longitudes of location 2 in the system designer language.

Equation [5.8| is not DPP with respect to p and the lat-lon of locations 1 and 2.

However, the expression with 1 and L can be combined to define a new parameter 7:
n=1-—Lu (5.10)

Where 7 is unitless and can be interpreted as the efficiency of the electricity line. The

conversion function of the electricity line from Equation [5.8 now transforms to:

Yy = V() = nay (5.11)

And this conversion function is now DPP.

The conversion function parameters (13¢) of the electricity line component is just

Py = () (5.12)

The cost of the electricity line component (and thus asset) can be separated into
the sizing and operational costs. The sizing cost for the electricity line is the capital
cost of the line. In the literature, the capital cost of an electricity line can be assumed
to be proportional to the length of the line and the maximum power rating of the
line. The maximum power rating of the line can be defined as the maximum power
going through the line. The cost of sizing the electricity line (fsi.c+) to meet the flow

at time ¢ is given by:
CsizeL
ot

Where C;.. is an asset brand parameter in the system designer language; this is the

fsize,t(xt) = Tt (513)

capital cost per peak power capacity of the line, per unit distance. Cj;,. has units
[ kW ! km_l]. Csize, L and 6t can be combined into one parameter (Py,,_ ):

CsizeL
Pfsize = 5t

(5.14)
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The cost of sizing the electricity line (fs..) to meet the flow at all times is the

maximum of fg.. across all times:

fsize = mtax{fsize,t} = Pfsize m?'X{xt} (515)

The operation of the electricity line causes some degradation and thus requires
maintenance. Assume that the maintenance cost is proportional to the total energy
that flows through the line. The usage cost of the electricity line ( f,s+) at operational
time ¢ is given by:

fuse,t = Cuseth (516)

Where C,. is an asset brand parameter in the system designer language; this is the
operation and management cost per energy shifted, per unit distance. C,. has the

units [$kWh ™' km™']. Cy and L can be combined to form the parameter (P, )
Pfuse = CUSGL (517)

The usage cost of operating the electricity line over all times ( fys.) is the sum of

fuser over all operational times, ¢:

fuse = Z fuse,t = Pfuse Z T (518)
t t

The total cost of the electricity line asset (fysse¢) is the sum of the sizing and usage

costs and is given by:
fasset = fsz’ze + fuse = Pfsize mtaX Ty + Pfuse Z Ty (519)
t

The cost function parameters of the electricity line asset (15}) is given by:

ﬁf - (Pfsize7 Pfuse) (520)

Where Py, and Py, . are defined by the asset brand parameters using Equations
and [5.17] respectively.

The flows, asset brand parameters, conversion function parameters, cost function

parameters of the electricity line, and their units, are compiled in Table
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Table 5.2: Flows and Parameters of Electricity Line Asset

Symbol Meaning Units Language
i Latitude of location rad System Designer
Ai Longitude of location 4 rad System Designer
I losses per distance m~! System Designer
Clize Capital cost per peak power capacity $W; 'm~=! | System Designer
Cluse Operational cost per distance $WhIm~! | System Designer

per energy shifted

n Transport Efficiency unitless Asset Modeller
Py,.. Cost per energy moved $Wh! Asset Modeller
Py, Cost per peak energy moved $ Wh, : Asset Modeller
T Electrical energy leaving source node Wh Asset Modeller
Y Electrical energy entering target node Wh Asset Modeller

5.1.2 Fossil Fuel Power Generator

Consider a simple energy asset that only performs the basis function of energy gener-
ation. A conceptually simple energy generation asset is a fossil fuel electricity power
generator. This is referred to as the “fossil fuel power generator asset”. This power
generator can be for example a natural gas power plant, a coal power plant, or a
diesel generator. Ramp rate constraints may be added, but they will make the asset
more complex (i.e. require multiple components). For simplicity, assume that there
are no ramp rate constraints. The sizing cost is the cost of purchasing the power
plant. The usage cost is the fuel cost, which the power plant consumes and converts
to electricity.

To model a power plant, the conversions, or flows of energy in a power plant need
to be considered. A fossil fuel power plant takes fuel (chemical potential energy)
as an input, and outputs electrical energy. This would make a fossil fuel power
plant perform the energy conversion function and will be useful for building circular
economy models. However, for simplicity, assume that the power plant generates
electrical power and moves it to the electricity grid, and has a cost associated with
it. The cost associated with using the power plant is the fuel consumed by the power
plant. Thus, a fossil fuel power plant asset can be described in the asset modeller
language as an asset with one component: the “electricity generator” component.

The electricity generator component moves electricity out of the power plant node

at a specific time and location, and moves it into the electricity grid node at the same

121



Table 5.3: Template Edge of Electricity Transport Component

Source Node Type Power Plant (PP)
Target Node Type Electricity Grid (EL)
Source Node Location Location 1
Target Node Location Location 1
Operational Time Difference (dt) 1 hour
Time Difference Between Target and Source Node (At) 0 hour

time and location. The template edge diagram of the electricity generator component
is shown in Figure [5.3] The template edge of the electricity generator component is
defined in Table 5.3l

As this is a generation component, the conversion function at the source node does
not get added as a constraint to the optimization problem. Such a node is referred
to as a “virtual node”. It represents the fact that the amount of energy flowing out

of the node is unconstrained.

Power Plant
A
C
je)
4(_—5' Loc O
(@)
o
-
P d ~ P d ~ P d ~
/ \ ’ \ ¢ \
I PP I PP I PP
\ / \ Y] \ /
SN_ SN_ \N_
»
t - ot t {4+ 5t
Time

Figure 5.3: Template Edge of the electricity generator component. The power plant
asset only has one component. The template edge of this component moves electricity
from the “Power Plant” node at a specific location and time to the “Electricity Grid”
node at a same location and time.
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Consider the conversion function of the electricity generator component. Con-
sider the edge at operational time t. The flow out of the power plant is of type
“electrical energy”. This is the electrical energy produced by the power plant during
that timestep. The flow going into the electricity grid node is also of type “electri-
cal energy”. This is energy entering the grid from the power plant. In this simple
case, these two values are equivalent, thus the conversion function of the edge of the

electricity generation component at operational time ¢ is:

Yy = 1/)t(xt) = Ty (5'21)

Where x; is the flow of the edge, i.e. the flow out of the power plant node. y; is the
flow into the electricity grid node, and is defined by the conversion function (). ; is
an optimization decision variable with a dimension of one. This conversion function
has no parameters as it is simply the unity function.

The total cost of the fossil fuel power plant asset is the sum of the sizing cost
(fsize) and the usage cost(fyse) of the electricity generation component. The total
cost of the fossil fuel power plant can also be split into the capital cost and fuel cost.
The capital and O&M costs may not coincide with the sizing and usage costs. The
sizing cost only depends on the size of the power generation component. The sizing
cost can be split into two parts: the capital cost of the power plant, and the cost of
the fixed fuel consumption. The usage cost is the variable fuel consumption cost at
each operational time.

The size of a power plant can be determined by various factors such as reserve
constraints, and market requirements. For this example, consider a power plant that
is sized to provide peak power demand. The stylized capital cost of a power plant as
a function of the maximum power generated by the power plant is shown in Figure
5.4(a). For simplicity, the capital cost can be assumed to be proportional to the peak
power supplied. The capital cost of sizing the electricity generator component ( feap.¢)
to satisfy the operation of the component at time ¢ is thus given by:

Ccap

fcap7t = T[Bt (522)

Where C,,, is a parameter in the system designer language. C,,, is the capital cost

of the fossil fuel power plant per unit peak power and has the units $kWp .
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Figure 5.4: (a): Stylized Capital Cost Power Plant The capital cost of a power plant
depends on the peak power output or capacity of the power plant.

(b): Stylized Fuel Consumption Power Plant. The fuel consumption of a power plant
depends on its peak power and the power produced. We may normalize this by looking
at the fraction of maximum fuel consumed as a function of fraction of maximum power
produced. We note that a power plant has some “standing” losses. I.e. some fuel is
still consumed even if no power is being produced. These go down to zero if we wish
to simulate switching the power plant on or off. This would make the cost concave,
and thus the problem non-convex. We may instead assume the power plant is always
being operated. The standing costs may then be considered as sizing costs as they
depend on the maximum power of the power plant and not their operation.
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The stylized fuel consumption as a function of normalized power is given in Figure

5.4(b). For simplicity this can be fit to a linear function:

a=ay+ (1 —a) (5.23)

Pmax

Where « is the normalized fixed fuel consumption. When P = P,,.., a = 1. Le.
when the power is equal to the maximum power, the fuel consumption is equal to
the maximum fuel consumption. «g is an asset brand parameter and is unitless. The
hourly fuel consumed (f) at time t is the product of the normalized fuel consumption

and the peak capacity of the power plant:
/B - Ama:vpmaza - Amtwaﬂpmaa: + Amaz(l - O[())P (524)

Where A, is the maximum hourly fuel consumption of a power plant per peak
power of the power plant and has the units [kgh=1kW . ag and A,,,, are brand
parameters for the power plant. The first term can be seen as the fixed fuel con-
sumption, the fuel consumption even when the plant is not producing any power. It
is thus the minimum amount of fuel that the plant consumes. This fixed fuel con-
sumption may be taken as part of the sizing cost as it depends only on the sizing of
the plant, and not its operation. The fixed fuel consumption cost (ffizeq,) of sizing

the electricity generator component to operate time ¢ is:

ffiaced,t = CfuelAma:vaoTEifetimext (525)

Where C',; is the price of fuel and has the units [$kg™"]. Ty setime is the lifetime that
the asset will be run for, and has the units [h]
The total sizing cost (fsi..) of the asset is the maximum of the total sizing cost

required at each time ¢, and is given by:

Ccap
ot

fsz'ze — mftx{fcap,t + ffixed,t} - ( + CfuelAmamaO,-Tlifetime) mgx{xt} (526>

All the asset brand parameters can be combined into one parameter (P, ):

Pfsize = C(;C:p

+ CfuelAmazaOEifetime (527>

Where C,,, is the capital cost per unit peak power in [$ kWp’l]. Az 18 the peak

hourly fuel consumption per peak power of a power plant in kg h=1kW . ay is the
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fraction of fuel that is fixed fuel consumption of a power plant and is unitless. Cfye
is the cost per unit fuel, i.e. fuel price in [$kg™']. #;erime is the total lifespan of the
power plant asset in [h].

Equation |5.26| thus transforms to:
fsize = Pfsizﬁ mtax{xt} (528)

The second part of the fuel cost is the usage cost of the asset. The cost of using

the asset at time ¢ is fysc+, and is given by:

fuse,t(xt) = CfuelAmax(l - CVO)xt (529)

The various asset brand parameters can be combined to one cost function param-
eter (Pf”U.SE):
Pfuse = CfuelAmaac(l - aO) (530)

The total usage cost over all times (fys¢) is the sum of the usage costs:

fuse = Z fuse,t = ljfuSe Z T (531)
t t

The total cost of the asset (f ssez) can thus be written as:

fasset = fsize + fuse = Pfsize m?X{xt} + Pfuse Z{zt} (532)

t

The conversion function parameter (Py) in the asset modeller language is thus:

Pf - (Pfsize’ Pfuse) (533)

The flows, asset brand parameters, conversion function parameters, cost function

parameters of the fossil fuel power generator, and their units, are compiled in Table

64l

5.1.3 Elastic Temporal Demand

Consider an asset that only performs the energy system function of energy demand,
i.e. it moves quantities into a virtual sink node. An example of this is the elastic

demand for electricity at each hour.
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Table 5.4: Flows and Parameters of Fossil Fuel Power Generator Asset

Symbol Meaning Units Language
T; fetime Operational Lifetime h System Designer
Ceap Capital cost per peak power capacity $WI§ ! System Designer
Cuel Fuel Price $kg ! System Designer
Aoz Maximum fuel consumption rate per peak power | kgh~! W, L[ System Designer
g Minimum fractional fuel consumption unitless System Designer
Pg,.. Cost per electricity generated $Wh! Asset Modeller
Py,.. Cost per peak electricity generated $ Wh, I Asset Modeller
T Electrical energy leaving source node Wh Asset Modeller
Y Electrical energy entering target node Wh Asset Modeller

Table 5.5: Template Edge of Elastic Electricity Demand Component

Source Node Type Electricity Grid (EL)
Target Node Type Electricity Demand (ELp)
Source Node Location Location 1
Target Node Location Location 1
Operational Time Difference (dt) 1 hour
Time Difference Between Target and Source Node (At) 0 hour

In the asset modeller language, the elastic electricity demand asset can be modelled
as an asset with one component: the elastic electricity demand component. The
elastic electricity demand component represents the amount of electricity consumed
at a specific location at each hour.

The elastic electricity demand component moves electrical energy out of the elec-
tricity grid node at a specific location and time, and into the electricity demand node
at the same location and time. The template edge diagram of the electricity trans-
port component is shown in Figure [5.5] The template edge for the elastic electricity
demand component is defined by Table [5.5}

The electrical energy flowing into the electricity demand node is equal to the
electrical energy flowing out of the electricity grid node. Thus, the conversion function

(1) of the elastic electricity demand component is given by:

Y =U(2y) = 3 (5.34)

Where y; is the flow of electricity into the electricity demand node at time ¢t. Where
x; is the electrical energy flowing out of the electricity grid node at time t.
As the flow of energy into the electricity demand node is not constrained, the elec-

tricity demand node is a virtual node. And, the elastic electricity demand component

127



EL Demand

Loc O

Location

EL EL EL
Demand o Demand : Demand

t+ ot

Time

Figure 5.5: Template Edge Elastic Electricity Demand Asset. The elastic electricity
demand asset only has one component. The template edge of this component moves
electricity out of the “Electricity Grid” node (EL) at a specific location and time,
and into the “Electricity Demand” node (Dgr).
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fulfils the energy system function of energy demand, or consumption.
The elastic electricity demand component has no conversion function parameter,
le.:

P, =0 (5.35)

The cost function of the elastic electricity demand at each timestep can be viewed
as the negative of the utility of consuming that amount of electricity demand. The
utility of consumption is the integral for the demand curve in economics. The price
of electricity demanded at each time (C}) is a linear function of quantity of electricity

demanded at that time (x;), and is given by:
Ct(xt) = At — Bt.flft (536)

Where A; and B; are asset parameters in the system designer language. A; is the
price of electricity demanded, at time ¢, when the quantity demanded is zero. B is
the reduction in price of electricity demanded per increase in quantity of electricity
demanded at time t.

The total utility at a specific time is the integral of Equation [5.36] The total cost
at a specific time (f;) is the negative of that integral and is given by:

Tt B
ft = —/ CtdZE = _Atzt + Et(xt)Q (537)
=0

The cost function of the elastic electricity demand asset (fusse¢) is the sum of f;

over all times:
B
fasset - zt: ft - zt: |:_Atxt + Tt(xt)2:| (538)

The cost function parameters for the elastic electricity demand asset (P}) are:
P; = (A, B) (5.39)

Where A and B are the set of values of A; and B, at each time. All A; and B, are
asset brand parameters in the system designer language.

In general, the demand curve represents the negative differential of the cost func-
tion. For the cost function of a demand asset to be convex, the demand curve needs

to be not increasing. Thus, if an asset has a demand curve that is upwards sloping
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Table 5.6: Flows and Parameters of Elastic Temporal Demand Asset

Symbol Meaning Units Language
A Vertical intersection of demand curve | $Wh™! | System Designer
Asset Modeller
B Downwards slope of demand curve $Wh~2 | System Designer
Asset Modeller
T Electrical demand leaving source node Wh Asset Modeller
Y Electrical energy entering target node Wh Asset Modeller

at any point, it will be concave. Assets with upwards sloping demand curves are re-
ferred to as “luxury goods”. Thus, optimizing an energy system with demand assets
that are luxury goods is non-convex, and thus, in general, a computationally hard
problem. Energy systems with markets with luxury goods must thus be optimally
designed using heuristic algorithms such as machine learning. Lavigne attempts to
introduce elasticity in OSeMOSY'S [I57], but is only able to approximate it using step
functions. By allowing the cost function to be convex, all downward sloping demand
curves can be fully modelled, i.e. even ones with changing elasticity.

The flows, asset brand parameters, conversion function parameters, cost function

parameters of the Elastic Temporal Demand asset, and their units, are compiled in

Table .6l

5.1.4 Hydrogen Storage Tanks

Consider the modelling of a simple asset that only fulfils the energy system function
of energy storage, or flow in time. As an example, consider a hydrogen storage tank.
Assume that there are some losses or “self discharge” of hydrogen that depends on
the hydrogen stored in the tank. The hydrogen in the tank is a function of the state
of the storage tank. Thus to model this asset, consider the flow of hydrogen from one
time to the next time.

In the asset modeller language, a hydrogen storage tank can be described as an
asset with one component: the hydrogen storage component. The hydrogen storage
component moves hydrogen from the hydrogen node at a specific location and time
to the hydrogen node at the same location but a future time. The template edge of
the hydrogen storage component is shown in Figure 5.6 The template edge of the
hydrogen storage component is defined in Table [5.7]
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Table 5.7: Template Edge of Hydrogen Storage Component

Source Node Type Hydrogen (Hs)
Target Node Type Hydrogen (Hs)
Source Node Location Location 1
Target Node Location Location 1
Operational Time Difference (6t) 1 hour
Time Difference Between Target and Source Node (At) 1 hour

To account for boundary condition, i.e. the start and end of the simulation time
period, assume that the edge at operational time ¢; moves energy to the start time t,.
This is the same as saying that the amount of hydrogen at the end of the simulation
is the same as the amount of hydrogen at the start of the simulation. These define

the structure of the hydrogen storage asset and its components.

H2 Storage

-

t+ ot

Loc_0

Location

\J

Time

Figure 5.6: Template Edge Hydrogen Storage. The Hydrogen Storage asset only has
one component. Storage of hydrogen can be interpreted as movement of hydrogen
in time. Keeping everything else equal, the amount of hydrogen at a specific time,
will be the amount of hydrogen at the next time. Thus, the amount of hydrogen
at a specific time can be viewed as the amount of hydrogen moving from one time
to the next time. The template edge of this component moves hydrogen from the
“Hydrogen Storage” node at a specific location and time, to the “Hydrogen Storage”
node at a same location but a time ¢t later. The component has edges every dt, the
time between operation. Unlike other components, the template edges of a component
that only moves energy in time creates a “chain” of edges.

Consider the conversion function of the storage component. This is the amount

of hydrogen that moves from one operational time to the next. As the type of flow
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out of the source node and into the target node are the same, this can be viewed as
the storage efficiency of the hydrogen storage device. In the literature, the standing
losses or self discharge of hydrogen is a fraction of the current amount of hydrogen
[73]. E.g. if u fraction of the hydrogen is lost when hydrogen is stored each month,
then:

Eou = Em(l - HJ) (5-40)

Where E;, is the amount of hydrogen at the start of the month. F,,; is the amount
of hydrogen at the end of the month. However, the storage losses of hydrogen may
be given at much longer timescales than the operational period of hydrogen. Thus,
if the time used to define the storage losses is tsiorage, then the amount of hydrogen

in the storage at the end of an operational time period is given by:

tstora,ge

v =(xy) = (1 —p)” a6 ay (5.41)

Where x; is the amount of hydrogen flowing out of the hydrogen node at time ¢, and
represents the amount of hydrogen stored at time t. g, is the amount of hydrogen
flowing into the hydrogen node at time t 4+ At, and is defined by the conversion
function .

pand tgorqge are asset brand parameters in the system designer language. g is
unitless, and tsorqge has units [h]. The asset brand parameters can be combined into

a conversion function parameter, 7, given by:

tstorage

n=1-p > (5.42)
The conversion function of the hydrogen storage component is now given by:
Yy = U(xy) = nay (5.43)

The conversion function parameter of the asset (P_'w) only consists of one param-

eter:

P, = (n) (5.44)

Assume that the cost of the asset does not depend on the operation of the asset and
only the sizing of the asset. Assume that the sizing cost of the asset is proportional

to the size of the asset. The cost of the asset (fg.e+) to satisfy the flows at time ¢ is:
fsz’ze,t - Csizext (545)
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Table 5.8: Flows and Parameters of Hydrogen Storage Asset

Symbol Meaning Units Language
I Loss per typical storage time unitless | System Designer
Lstorage Typical storage time h System Designer

Csize | Capital cost per peak storage capacity | $kg, I] System Designer
Asset Modeller

n Efficiency unitless | Asset Modeller
T Hydrogen leaving source node kg Asset Modeller
Y Hydrogen entering target node kg Asset Modeller

Where Cy;.. is an asset brand parameter in the system designer language. It is the
cost of sizing the hydrogen storage asset per amount of maximum hydrogen stored,
and has the units [$kg™'].

The cost of sizing the asset to satisfy all times (fg.e) is the maximum of fg.c:

over all times:
fasset = fsize = mtax{fsize} = Csize m?X{xt} (546)
As there is no other cost of the asset, this is also equal to the cost of the asset, fisset-

The cost function parameter of the asset (P}) only consists of one parameter:

—

Py = (Ciize) (5.47)

The flows, asset brand parameters, conversion function parameters, cost function

parameters of the Hydrogen Storage asset, and their units, are compiled in Table |5.8|

5.1.5 Hydrogen Water Heater

Consider the modelling of assets that perform the energy system basis function of
energy conversion function, i.e. it moves energy from one type to another. These are
assets such as hydrogen heating, water electrolysis, and electric heat pump. As an
example, consider the hydrogen water heater.

The hydrogen water heater asset can be described using the asset modeller lan-
guage as an asset with one component: the hydrogen water heater component. The
hydrogen water heater component moves hydrogen out of the hydrogen node at a
location and time, and moves hot water into the hot water node at the same location
and time. Figure shows the template edge of the hydrogen water heater compo-
nent. The template edge of the hydrogen water heater component is defined in Table

LA
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Table 5.9: Template Edge of Electricity Transport Component

Source Node Type Hydrogen (Hs)
Target Node Type Hot Water
Source Node Location Location 1
Target Node Location Location 1
Operational Time Difference (6t) 1 hour
Time Difference Between Target and Source Node (At) 0 hour

H2 Water Heater

Loc_ O

Location

t-at t t+ 3t

Time

Figure 5.7: Template Edge Hydrogen Water Heater. The hydrogen water heater asset
only has one component. The template edge of this component converts hydrogen
from the “Hydrogen” node at a specific location and time, to hot water in the “Hot
Water” node at a same location and time. The component has edges every dt, the
time between operation.
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The hydrogen water heater component converts hydrogen to hot water. The flow
from the source node to the edge is of type “hydrogen”. The flow from the edge
to the target node is type “hot water”. Thus the conversion function of the edges
of the heater component depends on the hourly hot water production per hourly
hydrogen consumption. This hot water production per unit hydrogen consumption
can be obtained from heater data. This is in general a function of the initial and final
temperatures of the water. To model this completely, the generalized coordinates of
the system are amount of water and temperature. The equation for amount of water
and temperature would be similar to the equation for mass and velocity in a rocket.
For simplicity, consider fixed initial and final temperatures of water that is being
heated. The amount of hot water produced is now assumed to be proportional to the
hydrogen consumed. The amount of hot water produced (y;) and thus the conversion
function of the hydrogen water heater component at operational time ¢ (1) is given
by:

Yy = V(1) = nay (5.48)

Where 7 is an asset brand parameter in the system designer language. It represents
the amount of hot water produced per unit hydrogen and has the unit [Lkg™']. The
conversion function parameter of the asset (Pﬂw) thus only has one parameter, and is
given by:

P, = (1) (5.49)

The cost of the hydrogen water heater asset can be split into the sizing ( fs;..) and
usage costs (fuse)-

The usage cost of the heater component depends only on the operation of the
assets, and not the size of the asset. It may be intuitive to consider the cost of
hydrogen as a usage cost of the hydrogen water heater. However, that is an implicit
cost and will be accounted for by the asset that produces the hydrogen. Thus, adding
the cost of hydrogen here will lead to double counting. In fact, the cost of hydrogen
here is not well defined as it may be produced by various other assets. In STEVFNs,
the cost of assets is the explicit cost of assets. For the hydrogen water heeater, these
are the maintenance costs for repairing the heater. In datasheets, these could be

labeled as the hot water produced before maintenance need to be performed, Ay. Ay
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has the units [L]. The cost per maintenance is Cy,aintenance, and has the units [$]. This
assumes that the maintenance cost depends on the production of hot water, not the
size of the heater. A bigger heater should in theory need to be maintained less often,
but the cost for each maintenance is higher. If the maintenance cost is proportional
to the size of the heater, the maintenance cost per amount of hot water produced
is the same. The maintenance cost can be amortized as a degradation cost similar
to a battery as described in Section m The usage cost (fuser) of operating the

hydrogen water heater at time t is:

Omain enance
fuse,t - /;0 Xy (550)

Where the two asset brand parameters can be combined to form a cost function

parameter (Cys.):

Cmaintenance
Cuoe = ———— 5.51
- (5:51)

The total usage cost of the asset (fuse) is the sum of all usage costs over all times:

fuse = Z fuse = Cuse th (552)

The cost of sizing the heater (fs;..:) to meet the operation at time ¢ is given by:

Cca Cca
fsize,t - 5tpyt - 5zﬂ7xt (553)

Where C, is an asset brand parameter. It is the capital cost of the hydrogen heater
per peak amount of hot water produced per hour and has the units [$ L, 'h=1!. The

asset brand parameters can be combined to form a cost function parameter (Cj;,.):

Ccapn

Csize - 5t

(5.54)

The total sizing cost of the asset (fsi.e) is the maximum of the sizing cost requried

for all times:

fsize = m?X{fsize,t} = Csize m?X{xt} (555)

The total cost of the asset (fusset) 1S the sum of the sizing and usage costs:

fasset - fsize + fuse = Csize mgdx{a?t} + Cuse Z Ty (556)
t
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Table 5.10: Flows and Parameters of Hydrogen Water Heater Asset

Symbol Meaning Units Language
Ceap Capital cost per peak hot water output rate | $ Ly Th=! | System Designer
Crnaintenance Cost per maintenance $ System Designer
Ag Hot water produced per maintenance L System Designer
n Water heated per hydrogen Lkg ! System Designer
Asset Modeller
Clize Sizing cost per peak hydrogen input $kg; 1 Asset Modeller
Chuse Usage cost per hydrogen input $kg ! Asset Modeller
x Hydrogen leaving source node kg Asset Modeller
Y Hot Water entering target node L Asset Modeller

The cost function parameters (P_'f) are given by:

Pf = (Ousea Osize) (557)
The flows, asset brand parameters, conversion function parameters, cost function

parameters of the Hydrogen Storage asset, and their units, are compiled in Table

.10l

5.2 Complex Energy Assets

The previous section models five simple assets that perform the five energy system
functions. This helps the reader become comfortable with describing assets in the
various languages of STEVFNs and defining their translations. This section models
complex assets; these are assets that perform more than one basis function of an
energy system, consist of more than one component, and/or are conceptually difficult
to understand. As these assets are more complex, they are used to demonstrate how
the impact of modelling assumptions on the convexity of the eventual optimization
problem can be studied. Furthermore, when an asset does make the optimization
problem non-convex, this section demonstrates how to find good approximations for

the asset model to make the asset model, and thus the optimization problem, convex.

5.2.1 Bi-Directional Electricity Line

Revisit the electricity line asset presented in Section [5.1.1 That electricity line only
moved electricity in one direction. Consider modelling an asset that moves electricity

in both directions; this referred to as the “bi-directional electricity line” asset.
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It is initially tempting to simply use the electricity line asset and allow for negative
flow of electricity. However, the magnitude of the electricity at locations 1 and 2
depend on the direction of the flow. If the electricity is flowing from location 1 to
2, i.e. positive flow, the electrical energy flowing out of location 1 is larger than the
electrical energy flowing into location 2. However, if the electricity is flowing from
location 2 to 1, i.e. negative flow, the electrical energy flowing into location 1 is
smaller than the electrical energy flowing out of location 2. Thus, the conversion

function will now become:

Y(@) = {mt’ w=b (5.58)

%, r; <0
This is a concave function and thus the problem is still convex.
Since the flow can now take a negative value, the sizing and operational costs
functions also need to be updated. They now depend on the magnitude of the flows

rather than the flows. The total cost now becomes:

fasset = Pfsize m?X |xt| _I_ Pfuse Z ‘l‘t’ (559)

t
Where |z;| is the absolute value of the flow along the edge of operational time t. As
fasset is convex and increasing in |z;|, and |x;| is convex with x;, fusser 18 convex with
x¢. Thus, this bi-directional asset will be convex. The rest of the descriptions in both
the asset modeller and system designer languages, as well as the translations between
them, will be the same as for the single directional electricity line asset in Section
LI

However, this introduces negative variables as the energy flowing along the edges
can be negative. Some algorithms may benefit from ensuring that all variables are
positive. Furthermore, the piece-wise nature of the conversion function may not
be desirable by some algorithms too. Lastly, some piece-wise functions may not be
concave. For example, if we considered full I?R losses, the conversion function will no
longer be convex. In fact, it will have two potential values when the flow is negative.

In such a situation, the asset can still be modelled by splitting the flows into
positive and negative flows; these will be represented as flows in the forward and re-
verse directions, respectively. The bi-directional electricity line can thus be described

using only positive flows instead. To do this, the bi-directional electricity line asset
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can be described in the asset modeller language as an asset with two components.
Figure 5.8 shows the UML diagram of the bi-directional electricity line asset. The
first component is the “forward component”; the second component is the “reverse

component”.

Bi-Directional Electricity Line Asset

t t

‘ Forward Component ‘ ‘ Backward Component ‘

Figure 5.8: UML Bi-Directional Electricity Line A Bi-Directional Electricity Line
asset consists of two components: the forward and backwards components.

The template edges of components of the bi-directional electricity line are given
in Figure 5.9, The forward component has the same template edge and conversion
function as the component of the electricity line asset. The conversion function is
given by equation [5.11] The reverse component also has the same template edge
and conversion function as the component of the electricity line asset, the source and
target nodes of the reverse component are reversed.

Both the forward and backward components of the bi-directional electricity line
also have the same sizing and operational cost functions as the component of the
electricity line asset. The sizing cost of the components is given by equation [5.15]
The operational cost of the components is given by equation [5.18 However, as the
bi-directional electricity line asset has two components, its total cost is different from
the total cost of the electricity line asset. The size of the bi-directional electricity line
asset is determined by the maximum requirement of both the forward and backwards
flow of electricity. Thus, the sizing cost of the bi-directional electricity line asset is
given by:

Foize = max{f forward reverse (5.60)

size ) J size

d iy
Where f/77“*% and freverse are the sizing costs of the forward and reverse components,

respectively.
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Bi-Directional EL Transport
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Loc_O
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Figure 5.9: Template Edge Bi-Directional Electricity Line. The Bi-Directional Elec-
tricity Line asset only has two components: the forward component, and the back-
ward component. The single lined arrows represent the template edges of the forward
component. The double lined arrows represent the template edges of the backward
component. The template edge of the forward component moves electricity from the
“Electricity Grid” node at a specific location and time, to the “Electricity Grid” node
at a different location but same time. The component has edges every 6t, the time
between operation. The template edge of the backward component moves electricity
in the opposite direction as the template edge of the forward component.
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The total degradation of the bi-directional electricity line is the sum of the degra-
dation of the forward and reverse usages of the line. The total operational cost of

the asset (fuse) is thus the sum of the operational cost of the forward (f/orvard) and

reverse

Teverse) components:

reverse (

fuse — Jserward + reverse (561)

use

The total cost of the asset (fusset) is thus given by:
d T
fasset = fsize + fuse - maX{fi’ZwT ) ST;U:TSE} + fl{;@ ward + ZE;JGTSE (562)

The conversion functions of all components of the bi-directional electricity line asset
are concave, thus they will keep the optimization problem convex. The total cost
of the asset is convex. Thus, the optimal operation and sizing of the bi-directional
electricity line asset is convex.

It might initially seem strange that we have allowed electricity to flow in both
directions at the same time. However, note that if the flow in the edges of the
forward and reverse components of a specific operational time are both non-zero, the
operational cost of the asset can always be reduced by reducing both the flows until
one of the flows is zero. Thus, in the optimal solution, at least one of the flows
will be zero. Therefore, splitting the flow of electricity into the forward and reverse
flows is a convex relaxation of the problem and will lead to the same solution as the
original problem. This assumption needs to be revisited if the "price” of electricity
generation is negative or if there is multi-node wheeling. In such situations, the
inequality constraints may need to be converted to an equality constraint or the

bi-directional flow may need to be combined to a single flow that can be negative.

5.2.2 Perfectly Inelastic Temporal Demands

Consider the modelling of a perfectly inelastic temporal demand. This is a fixed
demand of a certain type of end-use energy or service that needs to be met at regular
intervals of time. The demand at each operational time can be different but is fixed,
and is usually treated as a constraint for an energy system design problem. Examples

of fixed temporal demands include average hourly electricity demand at a certain
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Table 5.11: Template Edge of Fixed Electricity Demand Component

Source Node Type Electricity Demand
Target Node Type Electricity Grid (EL)
Source Node Location Location 1
Target Node Location Location 1
Operational Time Difference (dt) 1 hour
Time Difference Between Target and Source Node (At) 0 hour

location, hourly hot water demand, daily demand for coffee at a cafe, etc. Consider the
example of hourly electricity demand. This is a special case of the elastic electricity
demand where the elasticity is set to infinity.

The perfectly inelastic temporal demand can be described in the asset modeller
language as an asset with one component, the fixed electricity demand component.
As this is a special case of the elastic electricity demand, it is tempting to use the
same template node definition as the elastic electricity demand component in Section
[.1.3] The template edge diagram for the fixed electricity demand component is thus
also given by Figure The template edge is also defined by Table [5.5]

Consider the conversion function of the demand component. Equation now

transforms to:

Yt = Y(Pps) = Ppot (5.63)

Where Pp, is the flow along the edge and is a conversion function parameter. Pp, is
the power demanded at time ¢, and is an asset brand parameter in the system designer
language. Note that for the case of fixed electrical demand, Pp, is a parameter, not
a decision variable. Thus, the edges of this component only contain optimization
parameters, and no optimization decision variables. However, for consistency, flows
along edges should be optimization variables. All optimization parameters should be
in the conversion function. To do this, consider the flow of demand instead of the
flow of energy to model fixed electrical demand.

This new demand component moves electricity demand out of the demand node
at a specific location and time, converts it to electricity, and moves electricity into
the electricity grid node at the same location and time. The template edge of the
demand component is shown in Figure[5.10] The template edge for the fixed electricity
demand component is defined by Table [5.11]
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Figure 5.10: Template Edge Fixed Demand. The Fixed Demand asset only has one
component. In this formulation, we are tracking the movement of demand instead of
energy. The flow of demand is in the opposite direction as it would be for energy.
This is because demand can be viewed as negative energy. The template edge of this
component moves demand from the “Electricity Demand” node at a specific location
and time, to electricity in the “Electricity Grid” node at a same location and time.
The component has edges every dt, the time between operation. The dotted line
represents a ”virtual node” that does not have any optimization constraints.
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Consider the conversion function of the new demand component. Unlike the pre-
vious case, the flow out of the electrical demand node is of type “electrical demand”.
The flow into the electrical grid node is of type “electrical energy”. Thus, the flow
into and out of the node are of different types. Consider the impact of the demand on
the electricity grid node. When there is a positive demand of electricity, there is less
electricity available at the electricity grid node. The reduction in available electricity
at the grid node is equal to the quantity demanded. Thus, the electricity into the
electrical grid node is equal in magnitude but of the opposite sign as the electrical

demand flowing in the edge. The conversion function is thus given by:

Yr = () = —Pp 6t (5.64)

Where y; represents electricity moved out of the electricity grid between times ¢ and
t + o6t. Where, x; is now a zero dimensional control variable. Pp; is the electrical
power demanded at time ¢, and is an asset brand parameter. Pp; and 6t can be
combined to form a conversion function parameter, D;, the total energy demand in
timestep t:

Dy = Pp 0t (5.65)

The conversion function is now given by:

ye = Y(xy) = =Dy (5.66)

The flow in each edge is now a control variable (z;), and has no parameters; even if
the variables has zero dimensions and is thus a null variable. As the dimension of
the flow out of the electrical demand node is zero, the dimension of the conversion
function at that node is zero and it is a null constraint. The electrical demand
nodes are “virtual nodes” because they do not contain any optimization constraints.
Similarly the edges are referred to as “virtual edges” because they do not contain any
optimization variables.

The conversion function parameters (13¢) for the asset are:

P, = {D;,Vt} (5.67)
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Table 5.12: Flows and Parameters of Perfectly Inelastic Temporal Demand Asset

Symbol Meaning Units Language
Pp, Power demanded at time ¢ ALY System Designer
Dy Electrical energy demand at timestep ¢ | Wh Asset Modeller
Y Electrical energy entering target node Wh Asset Modeller

As there are no operational or sizing decisions to be made, the fixed temporal
electricity demand asset does not have any cost, or has a cost of zero. Thus the cost
of the asset, f,sset, is given by:

fasset =0 (568)

The flows, asset brand parameters, conversion function parameters, cost function

parameters of the Perfectly Inelastic Temporal Demand asset, and their units, are

compiled in Table [5.12]

5.2.3 Solar PV Farm

Consider the modelling of a more complex energy asset that performs the energy
generation function, a DER farm. A DER farm is a mathematically simpler but
conceptually more complicated energy generation asset to model than a fossil fuel
power generator. A DER farm extracts energy from its surroundings to generate
electricity. However, “we cannot control when the wind blows or the sun shines”.
Thus, the output of a RE farm is intermittent. Examples of RE farms include wind,
solar PV, hydro, and wave power. By modelling a DER farm in STEVFNSs, all types
of DER farms are modelled as different brands of the same asset. The important
thing is that this DER asset moves DER equipment requirement from the “DER
farm” node at a specific time and location moves electricity to the “electricity grid”
node at the same time and location.

Consider a DER farm as a black box that encapsulates all parts of the farm such
as PV panels, inverters, etc. A DER farm can be described in the asset modeller
language as an asset with one component. The only component in the DER farm
asset is the extractor component. The extractor component moves “DER farm size
requirement” out of the DER node at a specific time and location, and moves electrical

energy into the electricity grid node at the same time and location. Figure [5.11|shows
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Table 5.13: Template Edge of Backward Demand Shifting Component

Source Node Type DER Farm (DER)
Target Node Type Electricity Grid (EL)
Source Node Location Location 1
Target Node Location Location 1
Operational Time Difference (dt) 1 hour
Time Difference Between Target and Source Node (At) 0 hour

the template edge diagram of the extractor component. The template edge of the

extractor component is defined by Table [5.13f

RE Farm
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4(_—5' Loc_O :
&) N
(@] .
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»
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Figure 5.11: Template Edge DER Farm. The DER Farm asset only has one com-
ponent. The template edge of this component converts DER requirement from the
“DER Farm” node at a specific location and time, to electricity in the “Electricity
Grid” node at a same location and time.

The extractor component can be viewed as converting DER farm size requirement
(DER peak) to electricity. The flow from the source node to the edge is of type “DER
size requirement”. The flow from the edge to the target node is type “electricity”.
Thus the conversion function at the edge at an operational time depends on the

amount of natural resource available at that time (DFEROUT;), and the rated power
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of the DER farm (i.e. the size of the DER farm). DEROUT can be obtained for
specific locations around the world at different times. They can also be estimated
by using historical data, as in the literature. Consider the historical global solar and
wind outputs at hourly resolution calculated by Renewables.ninja. This uses historical
irradiance, temperature and wind speed data from NASA’s MERA 2 satellite to
calculate the average hourly DEROUT for 30 years at each point on the globe at
0.5 and 0.625 degrees latitude and longitude resolution, respectively. Example of the
spatial and temporal distribution of PV around the world is shown in Figure[5.12 If
the flow out of the RE farm node is the size of the RE farm, the electricity flowing
into the electricity grid node (y;) of operational time ¢ (¢;) is given by the conversion

function of the edge (1;) at that time:
v, = bi(x,) = DEROUT, 6t x, (5.69)

Where x; is the size of the DER farm required to produce electricity y; at time ¢.
DFEROUT, is an asset brand parameter in the system designer language. DEROUT,
is the power produced at time ¢ per peak power rating of the DER asset, and has the
units [kW kW 1.
DFEROUT,; and t can be combined to form the conversion function parameter,
FE;:
E, = DEROUT, 6t (5.70)

The conversion function parameter (qu) of the asset has all E; over all times:
P, = E = {DEROUT, 6t vt} (5.71)

Where E is the vector of E, over all operational times of the component t.
The operation of a DER asset does not significantly affect the cost of an RE farm.
Thus, an RE farm may be assumed to only have a sizing cost and no usage cost. The

cost of sizing a DER farm (fsi.c) to satisfy the flows at time ¢ is given by:

Cca
fsize,t - 5tpxt (572)

147



65°W 150" 136°W. 120W  105°W 90°W T5°W. 60°W 45w 30°W 15°W ° ! 80°1 ° ° ° 90°E 105°E 120°E 135°E 150°E.  165°E

(@) == <

BN

i 155
30°S

& igs

©2010 The World Bank
Source: Global Solar Allas 2.0
St el e e Qe

(b) (c)

0.8 0.5 4

0.6

0.34
0.4

PV Out

0.2 4

0.2
0.14

PV Out

0.0 0.0 4

0 50 100 150 200 250 300 350 o 5 10 15 20 25

Hour of Da
Month of Year y

Figure 5.12: Spatiotemporal Distribution of PV [5] Renewable electricity output per
unit rated power can be obtained for all parts of the world at hourly time intervals.
We may use historical or simulated data.

a. Shows the annual PV output at each point in the world.

b. Shows the temporal PVOUT for one year of two points with different latitudes.
This illustrates the north-south seasonal variation of PV.

c. Shows the temporal PVOUT for one day of two points with different longitudes.
This illustrates the east-west daily variation of PV.
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Table 5.14: Flows and Parameters of PV Farm Asset

Symbol Meaning Units Language
DEROUT; Power generated at time ¢ per rated power WWwy 1| System Designer
Ceap Capital cost per rated power t $ W, 1| System Designer
Ciize Sizing cost per peak electrical energy $Wh' | Asset Modeller
x PV farm size requirement leaving source node | Wh,, Asset Modeller
Y Electrical energy entering target node Wh Asset Modeller

Where C,,, is an asset brand parameter in the system designer language. It is the
capital cost of the DER farm, per peak power capacity, and has the units [$ W_].
Ceap can be combined with dt to get the parameter (Cy;..):

Ccap

Csize - 5t

(5.73)

Where Cj;.. is an cost function parameter in the asset modeller language. Cl;.. has
the units [$ Wh,'].

The size of the extractor component may be interpreted as the highest DER farm
size required over all times. The total sizing cost of the DER asset (fsi..) is thus the
maximum of the cost required to meet the requirements at all times. This is also the

total cost of the DER asset (fusser) and is given by:

fasset = fsize = m?X{fsize,t} = Csize m?X{xt} (574>

The cost function parameter of the asset (f;f) only consists of one value:
P = (Cyize) (5.75)

The flows, asset brand parameters, conversion function parameters, cost function

parameters of the PV farm asset, and their units, are compiled in Table [5.14}

5.2.4 Demand Shifting

Consider the modelling of demand shifting. An example of this is the shifting of elec-
tricity demand. Electricity demand shifting can be modelled in the asset modeller
language as the Electricity Demand Shifting Asset. This is an asset with two compo-
nents: the forward demand shifting component, and the backward demand shifting
component. The UML diagram for the electricity demand shifting asset is shown

in Figure [5.13l The forward demand shifting component shifts demand forwards in
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time. This may be done because there is an anticipated greater supply in the future.
The backward shifting component shifts demand backwards in time. This may be

done because there is an anticipated greater supply at an earlier time.

Demand Shifting Asset

t t

‘ Forward Component ‘ ‘ Backward Component ‘

Figure 5.13: UML Demand Shifting Asset. The demand shifting asset consists of two
components: the forward and backwards components.

The backward demand shifting component shifts electricity demand from the elec-
tricity grid node at a specific location and time, to the electricity grid node at the
same location but a past time. However, the electricity grid node tracks the flow of
electrical energy, not demand. Electricity demand can be viewed as negative electric-
ity supply. The flow of demand out of a node is the flow of negative energy out of
the node, and thus the flow of positive supply into the node. Similarly, the flow of
demand into a node is flow of negative energy into the node, and thus the flow of
positive energy out of the node. Therefore, the flow of electrical demand in one direc-
tion is equivalent to the flow of electrical energy in the opposite direction. As Section
discusses, demand can thus be viewed as the anti-particle of energy supply.

The backward demand shifting component can thus be modelled as moving elec-
trical energy out of the electrical grid node at a specific location and time, and into
the electrical grid node at the same location but at a future time. In this interpreta-
tion, the template edge diagram of the backward demand shifting component is shown
in Figure [5.14] The template edge for the backward demand shifting component is
defined by Table [5.15;

Note that this is the same as the hydrogen storage component in Figure [5.6]
with hydrogen replaced with electricity. Thus, storage can be viewed as having the

equivalent energy system function of shifting demand backwards in time, and vice
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Table 5.15: Template Edge of Backward Demand Shifting Component

Source Node Type Electricity Grid (EL)
Target Node Type Electricity Grid (EL)
Source Node Location Location 1
Target Node Location Location 1
Operational Time Difference (dt) 1 hour
Time Difference Between Target and Source Node (At) 1 hour

Backward Demand Shifting

Loc O

Location

t- ot t t + ot
Time

Figure 5.14: Template Edge Backward Demand Shifting Component. The backward
demand shifting component moves electricity demand to the past. Demand can be
viewed as negative supply, and thus the anti-particle of supply. Thus, the flow of
electricity demand into the past is equivalent to the flow of electricity supply into
the future. The template edge of the backward demand shifting component thus
moves electricity out of the “Electricity Grid” node (EL) at a specific location and
time, and into the “Electricity Grid” node (EL) at at same location but a future
time. Note that this is the same as the hydrogen storage component in Figure [5.6]
with hydrogen replaced with electricity. Thus, storage can be viewed as having the
equivalent function of shifting demand backwards in time.
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Table 5.16: Template Edge of Forward Demand Shifting Component

Source Node Type Electricity Grid (EL)
Target Node Type Electricity Grid (EL)
Source Node Location Location 1
Target Node Location Location 1
Operational Time Difference (dt) 1 hour
Time Difference Between Target and Source Node (At) -1 hour

versa. This is because they both decrease the amount of a generalized quantity
available now, and increase the amount of generalized quantity available in the future.

The forward demand shifting component can be defined similar to the backward
shifting component, with the direction of flow reversed. the template edge diagram
of the backward demand shifting component is shown in Figure [5.14] The template

edge for the forward demand shifting component is defined by Table [5.16

Forward Demand Shifting

Loc O

Location

t- ot t t + ot
Time

Figure 5.15: Template Edge Forward Demand Shifting Component. The forward
demand shifting component moves electricity demand to the future. Demand can be
viewed as negative supply, and thus the anti-particle of supply. Thus, the flow of
electricity demand into the past is equivalent to the flow of electricity supply into
the future. The template edge of the forward demand shifting component thus moves
electricity out of the “Electricity Grid” node (EL) at a specific location and time,
and into the “Electricity Grid” node (EL) at at same location but a past time. Note
that this is similar to the hydrogen storage component in Figure [5.6] with hydrogen
replaced with electricity, and the flow direction reversed.

Note that the time difference between the target and source node is a negative

value. This indicates that forward demand shifting component moves electrical energy
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backwards in time. Thus, demand response can also be viewed as a generalization of
energy storage. While storage only moves energy forwards in time, demand response
can also move energy backwards in time. The forward and backward demand shifting
components thus formalize the link between demand response and energy storage, by
unifying them.

As the amount of electricity demanded does not change when demand is moved
forwards or backwards in time, the amount of energy flowing into and out of nodes
in both components are the same. The conversion function for both the forward and
backward demand shifting components (¢ forward, and Ypackward, respectively) is thus
given by:

Y forward = Ybackward = 7~/)foru)a'rd(x) - wbackward(x) =T (576)

Where Yforwarda and Ypackwara are the flows of electrical energy into the electricity
grid nodes via the forward and backward shifting components, respectively. This is
equivalent to a generalized storage with no storage losses.

The forward and backward demand shifting components have no conversion func-
tions parameters, ie.:

oworward - Pu)backwa'rd - Q) (577)

Where Py ..., and Py, . are the conversion function parameters of the forward
and backward demand shifting components, respectively.

The cost function of the forward and backward demand shifting components can
be viewed as the inconvenience cost of needing to shift demand forwards or backwards
in time, respectively. Consider the backward demand shifting component. Consider
the inconvenience of shifting demand for one timestep ( fackward.uset), i-€. during the
operational time £. This is a usage cost of the component, as it depends on the way
the component is used. The larger the amount of demand shifted, the larger the
inconvenience cost. Furthermore, every additional demand shifted is more expensive.
Thus, can be modelled with a convex function. For simplicity, consider the quadratic

inconvenience cost:

fbackward,use,t (mt) = Abackward,use,txt + Bbackward,use,t (xt)2 (578)
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Where Apackwarduset @A Bpackward.use, are parameters. The total inconvenience cost

of all energy shifting is thus the sum of the costs over all operational times.

fback:ward,use = Z fbackward,use,t = Z [Abackward,use,txt + Bbackward,use,t(mt)ﬂ (579)
t

t

There may be an additional inconvenience cost that depends on the maximum
amount of shifting that a consumer needs to prepare for. These could represent
additional precautions that a consumer needs to put in place. E.g. there is an
additional fixed cost of being prepared to shift the usage of one computer vs two. The
inconvenience cost of preparing for shifting demand backward at time ¢ ( fyackward,size.t)
can again be modelled as a convex function. For simplicity consider the quadratic

cost:

fbackward,size,t ($t) - Abackward,size,tzt + Bbackward,size,t (l’t)2 (5 80)

Where Abackward,size,t and Bbackward,size,t are Parameters-
The overall inconvenience of preparing for all times ( fyackward,size), 1S the maximum

of the preparation cost over all times:

Joackward,size = mtaX{f backward,size,t | = mtaX{Cbackward,size,tivt + Diackward,sizer(T1)*}
(5.81)
The total cost of the forward demand shifting component is the sum of the usage
and sizing costs, foackwarduse A fpackward,size, TeSpectively.
The costs for the forward demand shifting component can be defined in the same

way as the backward demand shifting component:
fforward,use,t (xt) - Aforward,use,tl‘t + Bforward,use,t<xt)2 (582)

fforward,use = Z fforward,use,t = Z [Aforward,use,tmt + Bforward,use,t(xt)2] (583)
t

t

fforward,size,t (xt) = Aforward,size,txt + Bforward,size,t(xt>2 (584)
fforward,size - mtax{fforward,size,t} - mtaX{Aforward,size,txt+Bforward,size,t(xt>2} (585)

The cost of the forward demand shifting component is similar: the sum of its

usage and sizing costs, frorwarduse a0A fforward,size, respectively.
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The total cost of the demand shifting asset (fusser) is thus the sum of the costs of

its constituent components:

fasset = fforward,size + fforward,use + fbackward,size + fback:ward,use (586)

In this situation, the costs of the forward and backward demand shifting compo-
nents are decoupled and the two components should be viewed as separate assets. If
however, the sizing cost of the two components are linked, then it will be beneficial
to view them as one asset. E.g. if the inconvenience of preparing to shift the demand
of a computer use does not depend on the direction in time in which it is shifted.
The sizing cost (fasset.size) Of the demand shifting asset is the maximum of the sizing

costs of the forward and backward components:

fasset,size = maX{fforward,siZE7 fbackward,size} (587)

The total cost of the demand shifting asset is now given by:

fasset = fforward,size + fbackward,size + max{fforward,sizea fbackward,size} (588>

The costs of the forward and backward shifting components are now coupled and it
is beneficial to combine them into one asset.

The cost function parameter of the asset (P_}) is thus given by:
]‘5} = {Xi,j,t‘VXaiaja t} (589)

Where X € {A, B}; i € {forward, backward}; j € {use, size} ;and t for all opera-
tional times defined by Equation . All X, ;; are asset brand parameters in the
system designer language.

The flows, asset brand parameters, conversion function parameters, cost function

parameters of the Demand Shifting asset, and their units, are compiled in Table[5.17]

5.2.5 Hydrogen/Ammonia Transport

Consider the modelling of the transport of an object that takes time. This could be
for example the transport of fuels via pipeline, via land vehicles, or via sea freight.

Transport via pipeline van be considered to be a continuous process and can be
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Table 5.17: Flows and Parameters of Demand Shifting Asset

Symbol Meaning Units Language
Ajjt Linear inconvenience cost at time ¢ $Wh! System Designer
Vi € { forward ,backward} Vj € {size,use} Asset Modeller
B ;. Quadratic inconvenience cost at time ¢ $Wh 2 | System Designer
Vi € { forward ,backward} Vj € {size,use} Asset Modeller
x Electrical energy leaving source node Wh Asset Modeller
Y Electrical energy entering target node Wh Asset Modeller

modelled similar to an electricity line in Section [5.1.1} Consider a discrete process of
transporting fuels such as via land vehicles or sea freight. Hydrogen and Ammonia
are being widely studied as potential chemical energy vectors that can be used for
both transport and storage [I10]. These are referred to as chemical energy vectors
that can be used to move energy in space, time, and type. As an example, consider
an asset that transports hydrogen via a discrete process. This asset is referred to
this as the “chemical transport asset”. This asset moves hydrogen from one location
to another. However, unlike electricity transport, it takes time for it to transport
hydrogen.

The hydrogen transport asset can be described in the asset modeller language as
an asset with one component: the “hydrogen transport” component. The hydrogen
transport component moves hydrogen out of the hydrogen storage node at a specific
location and time, and moves hydrogen into the hydrogen storage node at a different
location and future time. The hydrogen transport component represents the flow of
chemicals along in one direction, just like the simple electricity line in Section [5.1.1]
This can be easily extended to the bi-directional case just like for the bi-directional
electricity line using the method in Section

Consider the case of one-directional flow. Figure [5.16| shows the template edge
diagram of the hydrogen transport component. The template edge of the hydrogen
transport component is defined by Table [5.18]

Unlike the transport of electricity, the transport of hydrogen may only occur at
lower time intervals, e.g. 24 hours. An operational time (dt) of 24 hours could for

example represent shipments of hydrogen leaving every one day.
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Table 5.18: Template Edge of Hydrogen Transport Component

Source Node Type Hydrogen Storage (Hz)
Target Node Type Hydrogen Storage (Hz)
Source Node Location Location 1
Target Node Location Location 2
Operational Time Difference (dt) 24 hour
Time Difference Between Target and Source Node (At) 48 hour

A time difference between the target and source nodes (At) of 48 hours for hy-
drogen transport component could represent it taking two days to transport each

hydrogen shipment.

H2 Transport

1000 006

oalionlos

Location

Loc_0

t+ 5t N t+at-st - t +At : t +At + 3t

Time

Figure 5.16: Template Edge Hydrogen Transport. The hydrogen Transport asset only
has one component. The template edge of this component moves hydrogen from the
“Hydrogen Storage” node at a specific location and time, to the “Hydrogen” node at
a different location and a time At in the future. The component has edges every dt,
the time between operation. Hydrogen is transported every 6t interval of time. Each
time hydrogen is transported, it takes At amount of time.

Consider the conversion function of the hydrogen transport component. Energy is
used to transport the hydrogen such as the energy used to pump the hydrogen along
a pipeline, or power the vehicles used to transport the hydrogen. The transport could
use any forms of energy, such as electricity, heat, or hydrogen; this can be modelled
by using a flow of two types of quantities. However, for simplicity, assume that a
constant fraction of the chemical energy vector is consumed to transport it per unit
distance. This is similar to the fractional loss per unit distance of the electricity lines.

Assuming linear losses, the conversion function of the hydrogen transport component
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(1) is given by:
Y = Y(z) = (1 — Lp)xy (5.90)

Where z; and y; are the amount of hydrogen moving out of the source location and
into the target location, respectively. g is an asset brand parameter in the system
designer language; it is the fractional loss of energy per unit distance, and has the
units [km™']. L is the distance between the source and target node locations.

For simplicity, L can be assumed to be the great circle distance, similar to the
electricity line asset, and is given by Equation [5.9] In general, a different distance
metric that takes into account different routes may be used. As this is only used to
set the value of the conversion function parameter, a more complex path generation
algorithm may be used to define L.

Similar to the electricity line asset, the conversion function parameters asset brand

parameters can be combined to form the conversion function parameter 7.

n=(1—Lp) (5.91)

The conversion function parameter can thus be written as:

Yy = U(xy) = nay (5.92)

The conversion function parameters (P_;b) of the hydrogen asset only consist of

one parameter:
Py = (n) (5.93)

The cost of chemical transport can be split into its sizing (fs..) and usage costs
(fuse). The sizing cost could be the capital cost of building pipelines, or securing
trading route rights, or the cost of ships. The usage cost is the cost of renting or
repairing ships.

The usage cost of the hydrogen transport asset could be assumed to be propor-
tional to the amount of hydrogen energy vector transported and the distance it is
transported for. The cost of using the hydrogen transport asset (fusc:) at time ¢ is
thus:

fsizet = Cuse Ly (5.94)
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Where C s is an asset brand parameter in the system designer language; it is the
O&M cost of transporting the hydrogen per amount of hydrogen per distance, and
has the units [$kg™" km™'].

Cuse and L can be combined to form the cost function parameter Py, . :
Pfuse = CUSBL (595)

The total usage cost of the asset (fuse) is the sum of usage costs over all times:

fuse = Z fuse,t = Pfuse Z Tt (596)
t t

The cost of sizing the hydrogen transport asset (fs;.e:) to meet the requirements
at time t is given by:

fsize,t = Ccapxt (597)

Where C,, is an asset brand parameter in the system designer language; it is the
capital cost per unit peak hydrogen transported, and has the units [$kg™'].
The total sizing cost of the asset (fsi.e) is the maximum of the sizing costs over

all times:

fsize - m?X{fsize,t} = Ccap m?X{xt} (598)

The total cost function of the hydrogen transport asset (fysse:) is thus:
fasset = fsize + fuse = Ccap Hl?X{fL’t} + Pfuse Z Ty (599)
t

The cost function parameters (P?c) of the hydrogen transport asset consist of two
parameters:

I;‘f = (Ccapa Pfuse) (5.100)

The flows, asset brand parameters, conversion function parameters, cost function

parameters of the Hydrogen Transport asset, and their units, are compiled in Table

0. 19
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Table 5.19: Flows and Parameters of Hydrogen Transport Asset

Symbol Meaning Units Language
10} Latitude of location ¢ rad System Designer
A Longitude of location % rad System Designer
I losses per distance m~! System Designer
Cluse Capital cost per hydrogen moved | $kg='m~! | System Designer
per distance Asset Modeller
Ceap Cost per peak hydrogen moved $ke, I Asset Modeller
Asset Modeller
n Transport Efficiency unitless Asset Modeller
Py Cost per hydrogen moved $keg ! Asset Modeller
x Hydrogen leaving source node kg Asset Modeller
Y Hydrogen entering target node kg Asset Modeller

5.2.6 Battery Energy Storage System

Section models a hydrogen storage tank as a simple example of an asset that
performs the function of energy storage, i.e. movement of energy in time. However,
“energy storage system” is traditionally viewed as an asset that is also able to be
“charged” and “discharged”. Thus, an energy storage system is a complex asset in
STEVFNs. Examples of energy storage systems include batteries, pumped hydro
storage, compressed-air energy storage (CAES), hydrogen energy storage (hydrogen
storage tank, electrolyzer, and fuel cell), flow batteries, flywheel, capacitor, and in-
ductor. These may seem like very different assets and are usually modelled very
differently. However, all types of ESS can be modelled using the same model by re-
placing the generalized coordinates of the ESS with their respective ones. Table |5.20
shows the generalized coordinates and velocities for a variety of ESS.

Consider the modelling of the ESS asset in STEVFENs. An ESS essentially per-
forms three functions, it “charges”, “discharges” and “stores”; these are interpreted
as moving energy in type, in type, and in time, respectively. An ESS can thus
be described in the asset modeller language as an asset with three components: the
“charging” component, “discharging” component, and the “storage” component. Fig-
ure [5.17] shows the UML diagram of the ESS asset.

The charging, discharging and storage components of some ESS can be sized and

operated independently. Examples of such ESS include flow batteries and hydrogen

electrical energy storage systems. The costs of such ESS can thus be separated into
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Table 5.20: Generalized Coordinates of ESS

ESS Generalized Generalized
Technology Coordinate Velocity

Chemical Battery Electrical Charge (Q = [ I dt) Electrical Current (I)
Flow Battery Electrical Charge (Q = [ I dt) Electrical Current (1)
Capacitor Electrical Charge (Q = [ I dt) Electrical Current ([)
Pumped Hydro Volume of Water (V) Flow of Water ( d—‘t/)

Pumped Hydro Reservoir Water Rate of Change of
Level Height (h) Reservoir Height (‘é—h)

Hydrogen Energy Storage

Mass of Hydrogen (m)

LI

Flow of Hydrogen (

)

dt
Inductor Electrical Current (1) Rate of Change of
Electrical Current (C(th)
Flywheel Angular Velocity (w) Angular Acceleration(dw)

Isothermal CAES

Volume of Air Flowed ([ .J dt)

Flow Rate of Air
from Surrounding (J)

Thermal Energy Storage

Temperature (7")

Rate of Change of
Temperature (4L i )

Phase Change
Energy Storage

Mass of Material
in New Phase (m)

Mass Rate of Material

Changing to New Phase (4m)

Gravitational
Energy Storage

Height of Payload (h)

dt
Velocity of Payload (Z2)

Energy Storage System Asset

’

?

*

‘ Storage Component ‘ ‘ Charging Component ‘ ‘ Discharging Component‘

Figure 5.17: UML ESS. An energy storage system asset consists of three components:
storage, charging, and discharging components.
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Table 5.21: Template Edge of Storage Component

Source Node Type Energy Storage System (ESS)
Target Node Type Energy Storage System (ESS)
Source Node Location Location 1
Target Node Location Location 1
Operational Time Difference (dt) 1 hour
Time Difference Between Target and Source Node (At) 1 hour

the sum of the costs of the individual components. The sizing, operation and cost
of these components are decoupled, and thus the components are decoupled. When
the components of an ESS are decoupled, they can be modelled separately as three
simple assets instead of a complex asset with three components. The charging asset
and discharging asset are simple conversion assets like the hydrogen water heater in
Section they convert electricity to the respective generalized coordinates that
describe the asset. The storage asset is a simple storage asset such as the hydrogen
storage tank in Section [5.1.4) these move the respective generalized coordinates in
time. Thus, these ESS can be modelled without any additional information.

Consider now ESS whose components cannot be decoupled and need to be mod-
elled as complex assets. Examples of such assets include Li-ion batteries and lead-
acid batteries. The charging, discharging, and storage components of these assets are
modelled similar to their simple asset counterparts. Figure presents the template
edges of the charging, discharging and storage components of an ESS asset.

Consider the storage component of the ESS asset. The storage component moves
generalized coordinates out of the ESS node at a specific location and time, and moves
generalized coordinates into the ESS node at the same location but a future time.
The template edge of the storage component is defined by Table [5.21]

In general, the conversion function of the storage component (1) is given by:

Yst = Vs(Tst) (5.101)

Where z; is the amount of generalized quantities flowing out of the ESS node at time
t; this can also be interpreted as the state of charge of the ESS at time t (Q; = ;).
y; is the amount of generalized quantities flowing into the ESS node at time ¢. 1, can

be interpreted as representing the self-discharge losses of an ESS.
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Electrical Energy Storage System
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t-ot : t t+ 5t

Time

Figure 5.18: Template Edge EESS. The electrical energy storage system asset (EESS)
has three components: storage, charging, and discharging components. The template
edge of the storage component is represented by the double dotted-lined arrow. The
storage component moves the generalized coordinate from the “EESS” node at a
specific location and time, to the “EESS” node at a same location and at a time
0t in the future. The template edge of the charging component is represented by
the single solid-lined arrow. The charging component converts the electricity from
the “Electricity Grid” node at a specific location and time, to generalized coordinate
in the “EESS” node at a same location and time. The template edge of the dis-
charging component is represented by the double solid-lined arrow. The discharging
component’s template edge has the opposite direction as the charging component’s
template edge. The discharging component converts the generalized coordinate from
the “EESS” node at a specific location and time, to electricity in the “Electricity
Grid” node at a same location and time. All three components have edges every dt,
the time between operation.
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Table 5.22: Template Edge of Charging Component

Source Node Type

Electricity Grid (EL)

Target Node Type

Energy Storage System (ESS)

Source Node Location Location 1
Target Node Location Location 1
Operational Time Difference (dt) 1 hour
Time Difference Between Target and Source Node (At) 0 hour

Table 5.23: Template Edge of Discharging Component

Source Node Type

Energy Storage System (ESS)

Target Node Type

Electricity Grid (EL)

Source Node Location Location 1
Target Node Location Location 1
Operational Time Difference (6t) 1 hour
Time Difference Between Target and Source Node (At) 0 hour

Consider the charging component. The charging component moves electrical en-
ergy out of the electricity grid node (EL) at a specific location and time, converts it
to the generalized coordinate of the ESS, and moves it into the ESS node at the same
location and time. The template edge of the charging component is defined by Table
.22

In general, the conversion function of the charging component (¢.) is given by:

Yer = Ve(Tsp, Tey) (5.102)

T is the amount of generalized quantities lowing out of the electricity grid node at
time ¢; this is also the product of the charging power and operational time P, ;0t = x.;.
Ye is the amount of generalized coordinate that flows into the ESS node at time ¢;
this is also the product of the charging current and operational time I, .0t = vy, ;.

The discharging component has the opposite function of the charging component.
It moves generalized quantities out of the energy storage system (ESS) node at a
specific location and time, converts it into electrical energy, and moves electrical
energy into the electricity grid (EL) node. The template edge of the Discharging
component is defined by Table [5.23|

In general the conversion function of the discharging component (¢,) is similarly
defined by:

Yar = Va(Tst, Taz) (5.103)
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x4y s the amount of generalized coordinates flowing out of the ESS node at time ¢;
this is also the product of the discharging current and operational time [0t = 4.
Ye,t is the amount of electrical energy that flows into the electricity grid node at time
t; this is also the product of the discharging power and operational time Py .0t = 4.

Note that splitting the conversion between electricity and generalized quantities
into two directions is similar to the splitting of electricity flow to two directions space
in the bi-directional electricity line. In the bi-directional electricity line, the movement
was from one location to another. In the case of an EESS, the movement is from one
type to another.

To demonstrate the process of analyzing the convexity of modelling and EESS;,
consider a Li-ion battery, such as the one used by Ahsan et. al [I08]. A Li-ion
battery can be implemented in STEVFNs using a white-box or a black-box model. A
white-box model is a bottom-up model that starts with internal physics of the asset
to derive the conversion functions of the components of the asset. A black-box model
is top-down model that directly builds the conversion functions of components by
fitting measurements of the asset to concave functions.

Set the generalized coordinate of a Li-ion battery as the amount of electrical charge
(@) that has moved through the battery. The generalized velocity is thus the DC
current (I) in the battery.

First consider finding a good approximation for the conversion functions by mod-
elling it bottom-up, as a white box. The generalized force of a battery is the voltage
across the battery (V). Consider the discharging power of a battery. The discharging
power (FPy) of a battery is given by:

Py=1,V (5.104)

Where 1, is the discharging current. However, the voltage is a function of I; and Q.
The higher the charge of a battery, the higher the voltage. The higher the discharging
current, the lower the voltage. A linear approximation for the voltage may be tried

as an example:

V(Q, 1a) = ag + arlq — ax@Q (5.105)
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Where ag, a; and a, are parameters. The discharging power now becomes:
Pd = a/(].[d -+ al(Id)2 - CLQIdQ (5106)

Using Disciplined Convex Programming (DCP), I,Q is a product of two variables,
thus its curvature cannot be determined automatically using CVXPY. Instead test
if P; is a concave function by testing if the Hessian matrix of P; is negative semi-
definite. The determinant of the Hessian matrix of P; is —(as)?. As ay is a positive
and real, the determinant of the Hessian matrix is always less than zero. Because
the Hessian matrix is two dimensional, this means that its eigenvalues have opposite
signs, and Py is not convex. Explicitly finding the eigenvalues of the Hessian matrix

confirms this as the eigenvalues AL are:

A =a; £4\/a?+ azg (5.107)

Guessing could be continued manually to find an appropriate function for V' that
will result in a good approximation for the conversion function. Instead, consider
instead finding a good approximation for the conversion function using empirical
methods, by modelling the battery top-down as a black-box.

The DC current in a battery can be easily measured. As the current is easier
to measure then the total charge that has moved through the battery, the charge is
calculated as the integral of the current over time. This allows the measurement of
the active charging and discharging power of the battery as a function of its charge
and charging or discharging current. The power-charge-current surface for a Li-ion
battery reproduced from Ahsan el. al [108] is shown in Figure [5.19] As discussed
by Ahsan et. al [I0§], this is a non-concave surface, and will make the optimization
problem non-convex. Ahsan et. al did not try to find a convex approximation for the
battery model. They let the battery model make the optimization problem become
non-convex and tried to solve it using heuristic methods.

Consider instead convex approximations for the battery model. Attempts can
be made to find a concave function for P as a function of () and I that is able to

approximate this surface. This general concave function can be defined by a vector
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Figure 5.19: Li-lon P-Q-I surface reproduced from Ahsan el. al [I0§]. The charging or
discharging power of a Li-ion battery depends in the charging or discharging current,
and the electrical charge in the battery. The electrical charge in the battery is the
integral of the current and is a function of its state. We may use that as the generalized
coordinate to describe a battery. Charging and discharging are represented by positive
and negative powers and currents, respectively. The surface represents all possible
states that the battery can be in. A charge discharge cycle is represented by a loop
on the surface.
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of parameters A. These parameters can be fit by using a fitting method such as least
square errors.

This is just an example of finding a good function to fit this surface. Any curve
fitting methods may be adopted, including machine learning algorithms using only
convex functions as basis functions. The system designer can measure the P — ) — [
surface as in Figure[5.19, and perform “model learning” offline to find the asset brand
parameters A that fit the surface. These parameters A are also conversion function
parameters in the asset modeller language. The conversion function is thus the convex
function that was learnt, and the quicker “model inference” is performed during the
overall optimization of the energy system design.

Further convexity analysis to find better implementation of Li-ion batteries in
STEVFNs is beyond the scope of this thesis, and is left for future research. For the
purposes of this chapter, consider an example of fractional losses in a Li-ion battery.
Section |3.1| provided a definition for the instantaneous efficiencies and how they relate
to the generalized force (Voltage for a Li-ion battery). A constant charging and
discharging efficiency is equivalent to assuming that the battery has constant open
circuit voltage (Vp), charging voltage (V.) and discharging voltage(V;). Vo, V. and V;
are asset brand parameters of the battery in the system designer language. In this

case, 7). is given by:

Vo
= — 5.108
e =y (5.108)
74 is similarly given by:
_ VY (5.100)
Nd = Vo .

The conversion function of the discharging component is thus given by:

Yar = Va(Tar) = LatVadt = Vonazay (5.110)
The conversion function of the charging component is similarly given by:

P ot .
Tt ey, (5.111)

Yet = ,lvz)c(xc,t) = ch 70 c,

Note that if the only edges attached to the ESS node are the flows from the
charging, discharging, and storage components, then Vj can be freely chosen in this

simple case of constant charging and discharging voltages. V; can be interpreted as
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the “nominal conversion rate” between electrical energy and generalized quantities
of the ESS. If 1} is set normalized one, the corresponding normalized generalized
quantity of the ESS is the internal energy of the ESS as described by Equation [3.12]
Thus, the third asset brand parameter Vj is not necessary to model the ESS.

In general the charging ratio (Py,) can be defined as a conversion function pa-

rameter in the asset modeller language:
Py = Vone (5.112)

Similarly, the discharging ratio (Py,) can be defined as a conversion function

parameter in the asset modeller language:
Py, = Vona (5.113)

If Vj is set to one, the conversion function of the charging component in Equation

B.111] transforms to:
Yer = wc(xc,t) =MNeLey (5114)

Where 7, is a conversion function parameter in the asset modeller language.
Similarly, the conversion function of the discharging component in Equation [5.110

transforms to:
Yar = Va(Tdr) = NaTay (5.115)

Where 74 is a conversion function parameter in the asset modeller language.

The battery operational voltage curves are not always easily available from man-
ufacturers. Manufacturers sometimes provide the “roundtrip” efficiency (1,oundirip) of
batteries. If nyoundirip is the asset brand parameter in the system designer language,
1. and 71y may be derived in a different way. The charge-discharge cycle losses may
be assumed to be equally divided into the charging and discharging processes. 7. and

14 are thus given by:
Nle = Tld = \/Mroundtrip (5116)

The conversion function of the storage component of the EESS asset is the same

as the storage component of the hydrogen storage tank asset in Section [5.1.4, The
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conversion function and conversion function parameters for the storage asset are thus

given by Equations and [5.44] respectively. The conversion function is given by:

Yor = a(wag) = (1= p) 51, (5.117)

Where z,; is the amount of generalized quantities flowing out of the ESS node at

time ¢, and represents the state of charge at time ¢. y,, is the amount of generalized

quantities flowing into the ESS node at time ¢ + At, and is defined by the conversion

function . p is the fractional storage or self-discharge loss of the ESS per storage
time Zsiorqge- 4 1 unitless, and tsppqge has units [h.

pand tgorqge are asset brand parameters in the system designer language and

can be combined to form a conversion function parameter of the storage component

(Py,):
t.sto'ra,ge

Py, = (1—p) 5 (5.118)

The conversion function parameters of the full ESS asset (Pw;set) are thus given
by:
Pwasset - (Pw(ﬂ Pwd7 Pws) (5119>

The sizing cost of the storage component (fg;.e ) is similarly given by Equations

(.45 and [5.46
fsize,s = Csize,s mtax{xs,t} (5120)

Where Cg;.. s is an asset brand parameter and a cost function parameter. Cg;.. ;s is the
capital cost of the ESS per storage capacity. If the generalized quantity of a battery
is modelled as the electrical charge in the battery, Cyi.c s has units [$ Ah . If the
generalized quantity is modelled as energy (by assuming Vj = 1), Cjises has units
[$kWh,'].

The sizing cost of the charging (fsize) components can be modelled as:

Csize,c
ot

fsize,c = m?X{$c,t} (5121)

Where the asset brand parameters Cy;.. . is the capital cost of the ESS per peak
charging power. Cyi.c . has the units [$kW 1.
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The asset brand parameters can be combined to form the cost function parameter

for the charging component (Py,, . ):

Csize c
Pfsize,c = (st - (5122)

The sizing cost of the discharging ( fsi.e..) components can be similarly modelled
as:

Csize WV
fsize,d = % mtax{xd,t} (5123)

Where the asset brand parameters Cy;..q is the capital cost of the ESS per peak
discharging power. Cl;,. 4 has the units [$ kW;l].
The asset brand parameters can be combined to form the cost function parameter

for the charging component (Py,, . .):

Csize,c%

Pfsize,d = 5t (5124)

The ESS asset meets to be sized to meet all sizing requirements. Thus, the sizing
cost of the ESS asset (fsizeasset) 1S the maximum of the sizing costs of its three

components:

fsize,asset = maX{fsize,Sa fsize,ca fsize,d} (5125)
Section discusses the degradation costs of discharging a battery (fused)-
Equation can be rewritten using the notation of this section as:

1 1

Lot — Taps Tar) N(Tey, Tay)

fuse,d,t = Csize,s N( (5126)

Where fiq.q: is the degradation cost of discharging the ESS at time ¢t. Where NV is
the number of lifecycles of a ESS, and is in general a function of the state of charge of
the ESS and discharging current of the ESS. An appropriate convex function can be
found using various white-box or black-box models just like the conversion function
for charging and discharging components as is discussed in earlier parts of this section.
Figure[5.20|shows a plot of the number of times a Li-ion battery can be used depending
on the depth of discharge of its cycle, reproduced from the literature [10§].

As an example consider a fixed degradation proportional to the total throughput
of the ESS. A lot of the literature assumes a fixed ESS throughput [I83]. This is

equivalent to fixed degradation cost per unit energy or charge moved and a typical
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Figure 5.20: Li-Ion N Lifecycle vs DOD reproduced from the literature [I08]. The
number of times a Li-ion battery can be used depends on the depth of discharge of its
cycle. A charge-discharge cycle in this case assumes charging a battery to maximum
state of charge and discharging it to a specific value. The number of lifecycles also
depends on the charging and discharging current. These will be represented by similar
curves for different charging or discharging currents. They can be represented as a
surface if we take the continuous limit.
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method used is called “rainfall counting” [184] T08]. If the degradation costs of the
charge-discharge cycle is equally distributed between the two processes, the total

degradation cost of discharging ( fuse.q) is thus given by:

fuse,d Slze - Z Tdt (5127)

Where N is a unitless asset brand parameter and is the number of lifecycles an ESS
can be operated at full depth of discharge before it needs to be replaced. The asset

brand parameters can be combined to form the cost function parameter (Py, _ ,):

Csize,s
Pfuse,d = 2N (5128)

The degradation cost for the charging component (fys..) can be similarly defined

as:

szze sV
fuse,c - 0 Z Lyt (5129)

The asset brand parameters can be combined to form the cost function parameter

(Pfuse,c) :
Csize,s‘/(]

Pfuse,c = 2N

(5.130)

The degradation of the storage component is the degradation of having the ESS
too full or empty, this is an issue for batteries such as Li-ion batteries. A quadratic
cost may be assumed based on the fractional state of charge of the ESS:

Lst
use,s,t — P ’ T 5.131
f 5 ,t fuse,s |:maXt{$s7t}:| ( )

While this captures the degradation costs of a Li-ion storage, it is not a convex
function due to the max;{xs:} term at the denominator. This represents the size
of the ESS. If the size of the ESS is fixed and the ESS is only operated, then these
storage degradation costs can be modelled. This is similar to including I?R losses for
electricity lines in Section [5.1.1

As the degradation costs increase if the ESS is too much or too little charged,
taking an average degradation cost will simply result in the lifetime or shelf-life of
the ESS. Thus the degradation costs of the storage component can be ignored for an

ESS, in particular Li-ion batteries, to first order approximation.
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Table 5.24: Flows and Parameters of BESS Asset

Symbol Meaning Units Language
\Z Nominal Voltage A% System Designer
n Roundtrip efficiency unitless | System Designer
7 Self-discharge loss per typical storage time unitless | System Designer
tstorage Typical storage time h System Designer
N Number of lifecycles unitless | System Designer
Csize,s Capital cost per electrical charge capacity $Ahg "1 System Designer
Csize,c Capital cost per peak charging power $W; 11 System Designer
Csized Capital cost per peak discharging power $WI§ 1| System Designer
Py, Storage Efficiency unitless | Asset Modeller
Py, Charging Ratio V-1 Asset Modeller
Py, Discharging Ratio A% Asset Modeller
Pj... Degradation cost per charging electrical energy | $Wh™=' | Asset Modeller
Py.... | Degradation cost per discharging electrical charge $Ah~! | Asset Modeller
Fuizews Cost per peak electrical charge stored $ALT | Asset Modeller
Py, .. Cost per peak electrical energy charged $Wh™! | Asset Modeller
Pi... . Cost per peak electrical charge discharged $Ah! | Asset Modeller
x Electrical energy leaving source node Wh Asset Modeller
Y Electrical energy entering target node Wh Asset Modeller

The degradation, and thus usage cost of the ESS asset (fuseasset) is the sum of

the degradation costs of the charging and discharging components:

fuse,asset = fuse,c + fuse,d (5132)

The total cost of the ESS asset (fysser) is the maximum of the sizing and degra-

dation costs:
fasset = maX{fsize,asseta fuse,asset} (5 133)

The cost function parameters (P}) of the asset are:
]-5} - (Psize,87 Psize,67 Psize,d7 Puse,ca Puse,d) (5134>

The flows, asset brand parameters, conversion function parameters, cost function

parameters of the BESS asset, and their units, are compiled in Table [5.17]

5.3 Summary

This chapter answers thesis sub-question [3} “How are models for real-world assets
generated from traditional data using the model-generators?” This chapter solves

the problem and implements five simple and six complex real-world assets in the
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STEVFENs system design and unified model-generators using manufacturer data or
simple black-box measurements.

A simple asset is an asset that consists of only one component that performs only
one basis function of an energy system. This chapter models the following five simple

energy system assets in STEVFNs:

—_

. Electricity Line

[\)

. Fossil Fuel Power Generator
3. Elastic Temporal Demands

4. Hydrogen Storage Tanks

ot

. Hydrogen Water Heater

A complex asset is an asset that consists of two or more components or performs
more than one basis function of an energy system. This chapter models the following

six complex energy system assets in STEVFNs:

1. Bi-Directional Electricity Line

[\

. Perfectly Inelastic Temporal Demand
3. Solar PV Farm

4. Demand Shifting

ot

. Hydrogen/Ammonia Transport

=

. Battery Energy Storage System

This chapter demonstrates the process of describing an energy system in STEVFNs
asset modeller and system designer language, and defining the translations between
the two. Describing an asset in the asset modeller language automatically translates
it to optimizer language if we use DCP and DPP to define the various functions in
the asset modeller language.

This chapter demonstrates with these eleven examples, how modelling these assets

in STEVFNs makes it easy to see if an asset is non-convex, and thus the energy system
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design problem non-convex, and hard to solve. When these assets are non-convex,
it becomes apparent what assumptions make the assets non-convex. Finally, this
chapter demonstrates how good approximations can be found to make these assets
convex. Modelling assets in STEVFNs also makes it easy to show if certain assets are
strongly non-convex and thus no good approximations exist. Thus, energy system
design problems with those assets should be solved using heuristic algorithms such as
machine learning. Examples of these assets include batteries, and the electricy grid.

Future research can develop more accurate implementations of these assets in
STEVFNs: for example, the implementation of the fossil fuel power generator in
this chapter does not take into account ramp rate constraints. Furthermore, it as-
sumes a “generation” of electricity with an explicit cost instead of converting fossil
fuels to electricity and the storage of the fossil fuels to consider the implicit costs.
Future research can use the method of using machine learning to find good convex
approximations for assets, in particular batteries. Future work also needs to be done
to implement other energy systems asset in STEVFNs such as buildings with space
heating or cooling.

Finally, modelling assets in STEVFNs has revealed the lack of some data needed
to model assets. These can be easily obtained by simply treating energy assets as
black-boxes and measuring the required data. Future researchers can obtain the data
highlighted in this chapter to model these assets more accurately in optimization
systems while keeping the problems convex and easy to solve. The same will also
happen when we try to model other complex assets not modelled in this chapter.
This will help us inform asset manufacturers the kind of data required to properly
assess their value in a whole energy system.

The main question of the thesis is to determine if a generalized spatio-temporal
model of assets can be utilized to optimize the sizing, operation and location of energy
system assets. This chapter applies the unified asset model-generator from Chapter
B, and the STEVFNs system design model-generator from chapter [ to model eleven
real-world assets. This enables the building of energy systems design problems with

these assets in STEVFNs. However, the STEVFNs system design and unified asset
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model-generators are only described mathematically. To be of practical use, the next

chapter implements the STEVFNs model-generators as an open source tool.
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Chapter 6

The Open-Source STEVFNs Tool

This chapter answers sub-question || of the thesis:

“Can the model-generators be implemented as an easily accessible

tool?”

This chapter implements the theoretical STEVFNs model-generators as an open
source tool in Python.

The main question of the thesis is if a generalized spatio-temporal asset model can
be developed and used for the optimal sizing, operation and location of energy system
assets. Chapter [5 models eleven classes of energy system assets using the unified asset
model-generator in Chapter [3|and the STEVFNs system design model-generator from
Chapter 4] While the STEVFNs model-generators have been developed, and models
for real-world assets have been generated using STEVFNs, the STEVFNs system
design and unified asset model-generators need to be implemented as a tool before
they can be used to conduct case studies and get insights into energy system design.
This chapter implements the STEVFNs model-generators as an open-source tool.

Section gives an overview of the inputs needed by the three types of end-
users to use the STEVFNs tool. The three end-users are the system designers, asset
modellers, and optimizers. Section gives an overview of the modular structure of
the code and how it increases accessibility for all three types of end-users. Section
describes the work being done to increase the accessibility of the code to the
three types of end-users. Section summarizes the chapter and discusses the future
improvements that need to be made to the STEVFNs tool.
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6.1 The Three End-Users

The STEVFENSs tool has three main types of users, system designers, asset modellers,
and optimizers. There are other more ” fundamental” types of users of STEVFNs such
as those trying to improve the STEVFNs model-generators (e.g.relationships between
nodes and edges), those trying to implement STEVFNs into a different language (e.g.
Julia, C, C++, or CUDA), or those trying to improve the Ul/UX. These other types
of users will be discussed in further communications. Figure displays the inputs
that the three main end-users need to provide to use the STEVFNs tool.

The system designer defines the case study using a single file with the structure of
all assets in the system designer language. The system designer defines each scenario
using two files: a file with the brand of each asset in the energy system, and a file with
the latitude and longitude of each location in the energy system. The system designer
also defines the brand parameters for each brand of each asset. This is stored in a
database and is stored as part of the definition of the asset. With just these inputs,
the system designer is able to define a case study, its scenarios, and assumptions for
scenarios and use the STEVFENs tool. In its current form, all of these files are simple
CSV files that can be edited in Excel.

The asset modeller is a developer that defines new types of assets in the STEVFNs
tool. The asset modeller does this by providing a single .py file with the code for the
asset model implemented in STEVFNs. This code defines the components of the
asset, the template edge of each component, and the translation between the brand
parameters in the system designer language and the cost and conversion function
parameters in the asset modeller language.

The optimizer is also a developer that defines how the optimization problem is
solved. The STEVFNSs tool currently uses CVXPY to define the optimization prob-
lem. The optimizer only handles the “CVXPY Problem” object; they do not deal
with case study, scenarios, or assets. Thus, the optimizer deals with the CVXPY
Problem in exactly the same way as they would normally deal with CVXPY prob-
lems. This means that the optimizer needs minimal expertise in energy system design

or the physics of asset modelling.
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Figure 6.1: User inputs for STEVFNs tool. The system designer defines the case
study using a system structure file. The system designer defines each scenario using
an asset brands file, and a location lat-lon file. The system designer defines the asset
brand parameters for each brands of each assets. The asset modeller defines an asset
using a file with the model code. The optimizer manages the optimization problem
by defining the CVXPY Problem object, solver, and solver options.
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6.2 Modular Approach

The STEVFNs model-generators and tool are designed with modularity in mind. This
makes it easy for three types of end-users to use the STEVFNs tool in parallel. The
code, and data used by all three types of end-users are kept separate. Improvements
and additions can thus be made without any conflicts.

The case study and scenario definitions are kept separate from the asset data,
data pre-processing, and the rest of the code. This makes it easy to handle as users
do not need to open very large Excel files which process data such as the starter data
kits provided for OSeMOSYS [7].

System designers only need to add one csv file to define a case study; this is the
list of assets and their locations. They only need to add two csv files per scenario;
these are the asset brands, and the lat-long of the locations. They can also add new
brand information by adding an additional line in a csv file that stores the brand data
for the particular asset.

Asset definitions are kept separate from the rest of the code. The main code
defines template base asset classes. Asset modellers can implement new assets by
defining them as child classes of the template base asset classes. This dramatically
reduces the effort needed to defined a new asset class.

Asset modellers can easily add a new asset by defining the template edges, con-
version functions, and cost functions of assets. They define the brands by adding
translations between brand data and their implementations.

The following assets have been implemented in the STEVFNs tool:
1. Battery Energy Storage System

2. RE Farm (Wind and Solar)

3. Hourly Electricity Demand

4. Hourly High Temperature Heating Demand (HTH)

5. Electric Heater (EL_to_.HTH)

6. Ammonia Heater (NH;_to_.HTH)
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7. EL_to_NHj3(produces ammonia from electricity)
8. NHj_to_EL (produces electricity from ammonia)
9. Ammonia Storage Tanks

10. HVDC Inter-connector

11. Ammonia Transport

The STEVFNs tool uses CVXPY as the optimization language. Optimizers can
change the solvers by changing the solver used in the CVXPY solve method; this
is just one line of code. They can similarly add their own optimizer as they would
normally do in CVXPY and all other benefits of CVXPY.

The STEVFENSs tool currently forces the use of the ECOS solver that comes pre-
packaged with CVXPY. This is because CVXPY sometimes uses an inappropriate
solver and gives an error. This bug has been reported and is being dealt with by
the managers of CVXPY. Future optimizers can import other existing solver and use
them with their respective solver options. They can also define custom solvers for
CVXPY and import them. An important future extension is the use of reverse mode
automatic differentiation methods implemented on the GPU. These can be combined
with parallel versions of penalty or barrier methods on the GPU.

Even with these limitations, as the tool uses DCP and DPP using CVXPY, the
tool is able to rerun optimizations for scenarios in fractions of the original solving
time. The tool was able to run the first scenario in about 16 hours and subsequent

scenarios in about 15 seconds, for about a 4000 times speedup.

6.3 Accessibility

The STEVFNs model-generators were implemented into an open-source tool referred
to as the STEVFNs tool. The STEVFNs tool was written in Python and is avail-
able freely on GitHub under the MIT licence [I]. The documentation for the tool
is available on the GitHub repository. The STEVFNs tool is also being validated
against similar existing tools such as OSeMOSYS [§], and TIMES/MARKAL [10, 9.

Organizations that require it are encouraged to validate the STEVFNs tool in-house.
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Third-parties are also being approached to certify and validate the STEVFNs tool
independently. This increases the transparency, trustworthiness, and credibility of
the tool, compared to closed-source tools.

A video tutorial for the tool is also available on YouTube [I85]. The theoretical
STEVFNs system design model-generators have been disseminated via two seminars
in the Energy and Power Group in Oxford [185],[186], and a seminar at the Delta E-plus
group at Simon Fraser University [I87]. The use of the STEVFENS tool has been taught
to PhD students, masters students, research assistants, and energy consultants via
multiple seminars. Other academics and industry members have requested seminars
for STEVFNs model-generators and tool. These future seminars are being organized.
The outputs of the seminars and tutorials will be compiled as a course on the Open
University, and there are plans to make more detailed training courses available for
policy makers, industry, and academics in energy modelling summer schools such as
the ICTP CCG joint summer school on modelling tools for sustainable development

[138].

6.4 Summary

This chapter answers thesis sub-question [ff “Can the model-generators be imple-
mented as an easily accessible tool?” This chapter implements the STEVFEFNs model-
generators as an open-source tool for the co-optimization of sizing, operation, and
location of energy system assets with scenario assessment. This tool is called the
STEVFNs tool and is available on GitHub [I].

The STEVFENSs tool is designed ground up to be modular, and easy to use. This
makes it possible for three types to end-users to concurrently work on the tool. These
end-users are the system designers, asset modellers, and optimizers.

An online tutorial for the tool has be made available on YouTube. Multiple
workshops, and seminars have been conducted to train users to use the tool, and are
made available online. The tool is currently being used for two international academic
collaborations and to guide policy makers in Singapore. More seminars are planned,
these will be converted into an Open University course. Additional deep training for

the STEVFNs tool will be made available in joint summers schools.
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This chapter implements the STEVFNs model-generators in an open-source tool.
To demonstrate the power of the STEVFNS tool, the next chapter uses the STEVFNs

tool to perform a case study of Singapore.
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Chapter 7

Optimal Design and Operation of
Whole Energy Systems Using
STEVFNs

This chapter answers sub-question [5| of the thesis:

“How do these model-generators and tool yield insights into real world

energy system problems?”

This chapter demonstrates how the open-source STEVFNs tool can be used to
study the effect of scenario assumptions on optimal system design, and provides a
stress test to validate the dynamics of the STEVFENSs tool using a hypothetical case
study of Singapore.

The main question of the thesis is if a generalized spatio-temporal asset model-
generator can be developed and utilized to optimally size, operate and locate energy
system assets. Chapter [4 uses the unified asset model-generator developed in Chapter
to develop the STEVFNs system design model-generator. The STEVFNs system
design model-generator enables the optimal design of an energy system. Chapter|5|de-
velops models for eleven classes of real assets using STEVFNs. Chapter [6] implements
the STEVFNs model-generators as an open-source tool. This chapter demonstrates
the power of the STEVFNSs tool by using it to perform a hypothetical case study of
Singapore. The case study and scenarios are not chosen to be directly utilized by
policymakers. The main purpose of this chapter and its case study is to demonstrate
how the tool can be used, and provide a stress test to validate the dynamics of the

STEVFEFNs tool.
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Section describes the case study, the scenarios tested, and the brand parame-
ters of the assets used in the scenarios. The results of the case study are presented
and discussed in Section[7.2] Section[7.3|concludes the chapter with examples insights
and policy recommendations from the hypothetical case study, compares it to existing
insights in the literature, and recommends future improvements to the hypothetical

case study that can make the results more directly usable by policymakers.

7.1 Case Study: Singapore

Singapore is a severely resource constrained region (SRCR): the amount of energy
it consumes is more than it can produce, locally, using RE sources [I89]. Singapore

is a city-state with an area of 725 km?

and a population of 5.7 million [190, 20].
Singapore annually consumes 182 PJ of electricity, 92 PJ of oil for transportation,
and 320 PJ of various fossil fuels for low and high temperature heating applications
[191], 192]. Currently, 95% of Singapore’s electricity is generated using natural gas,
1% using coal, 1% using other petroleum products and the remaining 3% is generated
using other sources (mainly waste incineration). Local PV accounts for less than 1%
of Singapore’s total electricity generation [191]. Thus, if Singapore wishes to produce
all its energy from renewables, it will have to import RE from other countries.

Figure [7.1| shows the energy system diagram for the case study in the system de-
signer language of STEVFNs. This shows the list of possible assets at each location
and between each location pairs. Figures and show the template edge dia-
grams in STEVFNs asset modeller language for Singapore and the three RE-locations,
respectively.

For the case study in this chapter, the STEVFNs tool was run on an AMD Ryzen
7 5800H. The case study, scenario, and asset brand files used for the case study are
available in the “Aniq_DPhil” branch in the GitHub repository.

The case study consists of satisfying hourly electricity (EL) and high temperature
heating (HTH) demand at Singapore (SG); these are referred to as EL_Demand and
HTH Demand assets, respectively. HTH refers to heating demand at temperatures
so high (more than 200° C) that the COP of heat pumps is close to one, thus these

are satisfied by direct heating. These demands can be supplied from DER farms
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Figure 7.1: Energy System Diagram for the Singapore Case Study. This is the energy
system diagram in the system designer language. This simple diagram only defines
the possible assets at each location, or between each location pair. There are four
locations: one demand location at Singapore (SG), and supply locations (Loc-1, Loc_2
and Loc_3). Demand assets are only present at SG. Supply assets are only present at
the RE-farm locations. Various assets that move energy in time and type are present
at all locations. There are bi-directional hydrogen and electricity transport assets
that move energy in space between each location pair. In theory, the latitude and
longitude of each location can be changed between scenarios. However, all scenarios
tested will assume the demand location (SG) is fixed at Singapore.
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at three potential locations (Loc_1, Loc_2 and Loc_3) around the world. Each DER
location can contain solar PV farms and/or Wind farms, referred to as RE(PV) and
RE(Wind) assets, respectively.

Energy can be moved in space (transported) via potential bi-directional HVDC
lines and NHj3 transport between each of the four locations, i.e. there are six potential
links. These are referred to as EL_Transport and NH3_Transport assets, respectively.
Ammonia transport refers to sea and land freight, but is modelled as sea freight for
simplicity. Energy can be moved in time (stored) via battery energy storage systems
(BESS), or via NHj storage assets at all four locations; these are referred to as BESS
and NHj3_Storage assets, respectively.

NHj is conventionally viewed as better for seasonal storage, and BESS are usually
considered less ideal for seasonal storage. However, in this case study, both BESS and
NHj are allowed to provide seasonal storage; this allows the optimization to determine
which storage is utilized to meet seasonal or daily demand shifting requirements.

Electricity can be converted to NH3 via a combination of Ny-air separators, water
electrolyzers and Haber-Bosch plants, with H, storage tanks and BESS in ratios
described by Salmon et al. [73]. The additional H, storage tanks and BESS are
required to allow for flexible operation of the Haber-Bosch process. In general these
assets should be separated and optimized. However, for simplicity, these are combined
as a black-box and treated as a simple asset that converts electricity to NH3. This
asset is referred to as the EL_to_NHj asset. There are potential EL_to_NHj assets at
all four locations.

NHj; can be converted back to electricity via NHs combined cycle gas turbines
(CCGT) as described by Cesaro et al. [193]. Some of these are NH; CCGTs that
crack all or some of the NH3 to Hy before feeding them to the CCGTs. However,
these crackers can be combined with the CCGT plants as a black-box and treated as
a simple asset. This asset is referred to as the NH3_to_EL asset. There are potential
NH;_to_EL assets at all four locations.

Finally, electricity or NH3 can be converted to HTH via electric heaters and NHj
burners, respectively. These are referred to as EL_to HTH and NH3 to_ HTH assets,

respectively. There are potential EL_to HTH and NHj3 to_ HTH assets at Singapore.
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These are not at RE-farm locations as the there are no electricity or HTH demands

at the RE-farm locations in this case study.
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Figure 7.2: Template Edge Diagram SG Location. This is the template edge diagram
for the demand location (Singapore) in the asset modeller language of STEVFNs. For
simplicity, only the assets at Singapore or between Singapore and other locations are
shown.

7.1.1 Asset Brand Parameters

With the case study defined, the set of brand parameters of the assets at each location
can be defined. The asset brand parameter for the electricity demand is the electricity
demanded for each hour. This was obtained from Singapore’s historical wholesale
electricity demand for 2019, obtained from the energy market company [194].

The asset brand parameter for the high temperature heating demand is the amount
of heating required at each hour. As most policy studies only require annual con-
sumption of fuels, hourly high temperature or industrial heating demand profile is
not readily available, or even measured. As the purpose of this hypothetical case
study is to perform as stress test, the HTH demand profile was assumed to follow
the electricity demand profile of random days throughout the year. This ensures that
there is variation between the EL and HTH demand profiles at each time, thus cre-
ating more interesting system dynamics and requiring the optimization to find more

sophisticated operational strategies. The Ministry of Trade and Industry of Singapore
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Figure 7.3: Template Edge Diagram RE Location. This is the template edge diagram
for the first RE-farm location (Loc_1) in the asset modeller language of STEVFNs.
For simplicity, only the assets at Loc_1 or between Loc_1 and other locations are
shown. The template edge diagram for Loc_2 and Loc_3 are symmetric, with their
locations replaced with Loc_1.

(MTTI), and the Economic Development Board of Singapore (EDB) were consulted
for estimates on the profile of industrial heating if electrified. Based on their current
estimates and future plans, the majority of industrial HTH that has not been electri-
fied in Singapore is used for oil refining. This process requires near constant demand
of power with a few shorts periods of downtime throughout the year. To model this,
HTH demand would need to assume to follow a flat profile. Future research may
obtain and use more accurate profiles. Profiles for other industries or countries could
be estimated using typical industrial load patterns. This is also provides a reason
future researchers can use to request for such data to be gathered. The profile was
linearly scaled to HTH demand by using the 2019 annual industrial fuel consumption
from Singapore’s energy balance table, and the fuel consumed for process heating
from Singapore’s industrial roadmap [192].

The asset brand parameter required for the RE supply asset is the hourly normal-
ized power output per peak power (REOUT). REOUT was obtained for PV by using
hourly global solar iradiance and temperature data from NASA’s MERA-2 Satellite
[195], 196]. These were obtained for the whole world at 0.5 and 0.625 degree latitude
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Table 7.1: Table of RE Brands

Resource | Capital Cost
Brand Type ($ ng)
PV_BAU [193] Solar PV 0.6
WIND_BAU [201] Wind 0.858
WIND_Cheaper H Wind 0.429

and longitude resolutions, respectively. This was then processed to obtain REOUT
for PV using the method used by Renewables Ninja [197, 198, [199], implemented into
an open source code in python by Ahsan and Walker. [200]. The exact location of
the PV farms for different locations is given in Table [7.11]

REOUT was obtained for Wind “brand” of the RE asset by using hourly global
50m northward and eastward wind data from NASA’s MERA-2 Satellite [195, 196].
These were obtained for the whole world at 0.5 and 0.625 degree latitude and longitude
resolutions, respectively. This was then processed to obtain REOUT for Wind using
the method used by Renewables Ninja [197, 198, [199], implemented into an open
source code in python by Ahsan et al. [200]. The exact location of the wind farms
for different locations is given in Table [7.11]

The costs per peak power capacity of BAU PV farms were obtained from the
analysis of ammonia to power by Cesaro et al. [193]. The costs per peak power
capacity of BAU wind farms were obtained from the techno-economic study of green
ammonia costs in Australia by Salmon et al. [201]. Detailed future costs of PV
and Wind farms can be projected via learning curves or by considering material and
processing costs [202]. However, the purpose of this case study is to perform a stress
test of the model-generator and tool to observe system dynamics. For these purposes,
the cost of “cheaper” brand of wind farms was assumed to be half of the BAU costs.
This models a hypothetical future scenario where wind farm costs are lower or fall
lower than the costs of other technologies. Again, this is not meant to be a realistic
scenario, this value is chosen to show the kinds of dynamics that can be simulated,
and the type of insights that can be generated. The cost parameters of various brands

of the RE asset are given in Table [7.1}

150% of BAU value
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Table 7.2: Table of BESS Brands

Storage Charging | Discharging | Number | Roundtrip
Brand Capital Self Capital Capital of Efficiency
Cost Discharge Cost Cost Lifecycles (%)
(8/Why) | (%/yr) | (8/Wp) | (8/W,)
BAU [193] 0.271 10 0.542 0.271 5000 95
Cheaper H 0.136 10 0.271 0.136 5000 95
Table 7.3: Table of Electricity Transport Asset Brands
Transmission Line Converter Pair
Brand Capital 0&M Losses Capital O&M Losses
Cost Cost Cost Cost
($W;1m_1) ($Wh'tm™) | (%m1) ($W;1) ($Wh™1) (%)
BAU 875x 1077 | 1.0x 1072 [16x107°[228x 1071 [ 1.8x10°C| 1.4
[1R0), 181}, 182]

The brand parameters for BESS are the roundtrip efficiency, self discharge rate
per month, the cost per peak charging power, cost per peak discharging power and
the cost per peak energy. The BAU BESS brand parameters were obtained from the
works of Cesaro et al. [I93]. The cheaper BESS brand was assumed to cost 50% of
the price of the BAU BESS brand. Again, the values for cheaper BESS brand was
chosen to study the effects of BESS cost on optimal system design. Realistic future
cost projections can be obtained from detailed technology cost projections [203]. The
BESS brand parameters are listed in table

The brand parameters for the electricity transport asset are the loss per unit
distance, the capital cost per unit peak power per unit distance, and the maintenance
cost per unit energy per unit distance. The converter losses are fixed fractional losses
that do not depend on distance. Converter costs are costs per peak power capacity.
These were obtained from the literature [180, 181, I82]. The brands of electricity
transport used in this chapter are given in table [7.3]

The brand parameters of the ammonia storage asset are the fractional losses per
month and the cost per peak mass of ammonia stored; these were obtained from the
works of Salmon et al. [T10]. This is using ammonia storage technologies that have
lower capital costs, but need frequent re-condensation. This assumes re-condensing

is done via electricity produced from the ammonia. Future research could model this

250% of BAU value
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Table 7.4: Table of Ammonia Storage Asset Brands

Capital Self
Brand Cost Discharge
($/kg,) | (%/day)
BAU [204] 0.5 0.0308
Cheaper 0.25 0.0308

Table 7.5: Table of Ammonia Transport Asset Brands

Losses Berthing Charter
Brand Cost Cost
(%m™) (Ske™!) | Bkg™'m™")
BAU [I10] | 1.21 x 1077 | 1.93 x 1072 | 1.56 x 1077

as a component with vector inputs, where the electricity could come from the grid
and does not need to come from the ammonia. However, for this case study, this
is modelled as a scalar flow for simplicity. Modelling re-condensing this way leads
to an effective “self-discharge” loss. Other ammonia storage technologies can store
ammonia at higher pressures but lower temperatures leading to lower re-condensation
costs, and thus lower effective self-discharge losses. However, these technologies have
higher capital costs [110]. Various ammonia storage technologies can be studied,
but to study the impact of reducing storage costs, similar to that of other assets, a
hypothetical ”cheaper” brand of ammonia storage were assumed to cost 50% of the
BAU brand. The brands of ammonia storage considered in this chapter are given in
table [7.4l

The brand parameters of the ammonia transport asset are the fractional losses
per month and the cost per peak mass of ammonia stored; these were obtained from
the works of Salmon et al. [I10]. The fractional loss per distance was calculated by
assuming that the ammonia being transported is used to run the ships. The berthing
costs were calculated assuming an average 24 hour berthing time. The brands of
ammonia transport considered in this chapter are given in table [7.5]

The brand parameters of the ammonia to electricity asset are the conversion fac-
tors, the capital cost per peak ammonia consumption rate, and the maintenance cost
per ammonia consumed. These were obtained by Phase 3 NH3; CCGT plants from
the works of Cesaro et al. [193]. To study the impact of cheaper NHj to electricity
assets, for example retrofitting existing CCGT plants, a hypothetical cheaper brand
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Table 7.6: Table of Ammonia to Electricity Asset Brands

Capital Conversion
Brand Cost Factor
($kg,'h) | (kWhkg™")
BAU [193] 2385 3.11
Cheaper 1193 3.11
Efficient 2385 4.152

Table 7.7: Table of Electricity to Ammonia Asset Brands

Capital | Conversion
Brand Cost Factor
(8/KW,) | (kg/kWh)
BAU [73] 1718 0.101
Cheaper 589 0.101
Efficient 1718 0.135

was assumed to cost 50% of the BAU brand. To study the impact of increased NHj
to electricity conversion efficiency on optimal system design, a hypothetical “more
efficient” brand was assumed to produce 34% more electricity for the same amount
of ammonia for an effective increase in efficiency from 60% to 80%, with respect to
a lower heating value of 5.19kWhkg™'. Le. the more efficient asset is assumed to
have a conversion factor closer to the theoretical value. The brands of ammonia to
electricity asset considered in this chapter are given in table

The brand parameters of the electricity to ammonia asset are the conversion fac-
tors, the capital cost per peak electricity power consumption, the maintenance cost
per electricity consumed. These were obtained from the works of Salmon et al. [73].
To test the impact of a potentially cheaper electricity to ammonia asset, a hypotheti-
cal “cheaper” brand was assumed to cost 50% of the BAU brand. To test the impact
of a potentially more efficient electricity to ammoina asset, a hypothetical “more ef-
ficient” brand was assumed to produce 34% more ammonia for the same amount of
electricity for an effective increase in efficiency from 52.4% to 70%, with respect to
a lower heating value of 5.19kWhkg™'. Le. the more efficient asset is assumed to
have a conversion factor closer to the theoretical value. The brands of electricity to
ammonia asset considered in this chapter are given in table [7.7]

The brand parameters of the electricity to high temperature heating asset are the

conversion factors, the capital cost per peak electricity power consumption, the main-
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Table 7.8: Table of Electricity to High Temperature Heating Asset Brands

Capital 0O&M Conversion
Brand Cost Cost Factor
($/kW,,) | ($/kWh)
BAU [207] 50 1.0 x 1073 1

Table 7.9: Table of Ammonia to High Temperature Heating Asset Brands

Capital O&M Conversion
Brand Cost Cost Factor
($/(ke/h),) | (8/ke) | (kWh/ke)
BAU [205] 260 5.19 x 1073 5.19

tenance cost per electricity consumed. These were obtained directly as quotes from
wholesale sellers of steel furnaces [205]. The brands of electricity to high temperature
heating asset considered in this chapter are given in table |7.8|

The brand parameters of the ammonia to high temperature heating asset are
the conversion factors, the capital cost per peak ammonia consumption rate, the
maintenance cost per ammonia consumed. The conversion factors was assumed to
be the lower heating value of ammonia. As these values are difficult to find in the
literature, the capital costs were assumed to be the same capital cost per peak power
output as commercial gas to HTH heaters [206]. The brands of ammonia to high

temperature heating asset considered in this chapter are given in table[7.9

7.1.2 List of Scenarios

With the brand parameters for each brand defined, scenarios can be defined by refer-
ring to the brands of the asset used in each scenario. The list of scenarios and their
respective asset brands are given in Table Some assets only have one brand
(BAU), and are thus removed from the list for clarity. The locations considered in
this case study and their details are given in Table [7.11] The first scenario is the
business as usual (BAU) scenario; it considers RE farms at Tibet, India and North-
West Australia. The second scenario is the “Cheaper Batteries” scenario; it assumes
that batteries will become cheaper. The third scenario is the “Cheaper Wind” sce-
nario; it assumes that wind farms will become much cheaper. The fourth scenario is

the “Cheaper Ammonia” scenario; it assumes that ammonia conversion and storage
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Table 7.10: Table of Brands and Locations for Scenarios
Business | Cheaper Cheaper Cheaper Efficient | Different
as Usual | Batteries Wind Ammonia | Ammonia | Locations
BESS BAU Cheaper BAU BAU BAU BAU
RE(WIND) BAU Windpay | Windconeaper | Windpay | Windpau BAU
NHj3 Storage BAU BAU BAU Cheaper | Efficient BAU
EL to NH3s BAU BAU BAU Cheaper | Efficient BAU
NHj3 to EL BAU BAU BAU Cheaper | Efficient BAU
Location 1 Tibet Tibet Tibet Tibet Tibet Somalia
Location 2 India India India India India Sudan
Location 3 | Australia | Australia Australia Australia | Australia | Mongolia

Table 7.11: Table of Details of Locations
Location | Location | Latitude | Longitude
Name Code [°] °]
Australia AU -20 123.125
India IN 10 77.5
Mongolia MN 43.5 106.25
Singapore SG 1.4 103.75
Somalia SO 10 50
Sudan SuU 19 28.75
Tibet TB 30.5 84.375

technologies will become cheaper. The fifth scenario is the “Efficient Ammonia” sce-
nario; it assumes that the efficiency of ammonia conversion assets will become more
efficient. The sixth (and last) scenario is the “Different Locations” scenario; in this
scenario, the location of the RE farms are changed to Somalia, Sudan and Mongolia.
All locations were chosen because they have good PV and/or wind potential. The set
of locations for all scenarios were chosen to cover a variety of latitudes and longitudes.
This is to allow the combined RE output to be able to better match Singapore’s de-
mand pattern. The locations in the sixth scenario “different loctions” were chosen
to demonstrate the impact of increasing the distance between the demand location
and RE farms. The distances between the various RE locations and Singapore varied

between 3000km and 8400km.
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7.2 Results and Discussion
7.2.1 Optimization Time

To test the time taken to build and run the optimizations, each scenario was run
fresh, as if it was the first scenario. The time taken to run the optimization for the
whole year was too long as the number of optimization parameters grow very quickly
because each of the demand, solar, and wind profiles had a parameter for every
timestep. Thus, the number of parameters grow almost linearly with T, and the time
taken to solve the problem the first time grew as approximately T%. The optimization
was thus first run for eight, one-week chunks of time, equally spaced throughout the
year. Changing the starting week only changed the results by less than 5%. Inter-
annual variation was not studied in this stress test as only 2019 data was used.
However, inter-annual variation can be easily studied using the same methods. The
time taken to build the energy system structure and run the optimization the first
time was 59000s + 1000s. The optimization had hundreds of thousands of variables,
constraints, and parameters.

To test the time taken to run subsequent scenarios, the simulation was run once
with the DPP tag set to True when using the CVXPY solver. The optimization was
then run again 100 times using randomly selected scenarios. The time taken to rerun
each scenario was 15s &= 3s. This is an almost 4000 times speedup compared to the
first run. This quick testing allowed the testing of various different scenarios in near
real time.

A total of more than 50 different scenarios were tested. The six most interesting
scenarios were selected and are presented in this chapter to demonstrate the STEVFENs
tool and insights gained from it. With the number of scenarios narrowed down,
the optimization was repeated for the whole year but without using DPP. This was
done by setting DPP value to False when solving the CVXPY problem. By ignoring
the parameters, the optimization was able to be run for the whole year at hourly
timesteps. The optimization for each scenario took 3200s =+ 500s.

The optimal system sizes and costs were for the eight one-week, and whole year

optimizations were within 5% of each other. Thus, using a lower number of timesteps
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is useful when narrowing down scenarios. The rest of the results are for optimizations
run for the whole year.

The summary of the size of assets in the optimal system design for all six scenarios
is shown in Figure(7.4] The summary of the cost of assets in the optimal system design
for all six scenarios is shown in Figure [7.5] The cost of an assets includes both the

explicit sizing and usage costs.

7.2.2 Business as Usual

The first scenario tested is the business as usual scenario. Figures[7.6)and[7.7]show the
size and cost of assets in the optimal system design for the BAU scenario, respectively.

Solar farms were built at all three RE farm locations: Tibet, India, and Australia.
This allowed for a better temporal match between demand and total RE supply.
Solar was much cheaper than wind, thus wind was not expected to be built at all.
However, a small amount of wind was still built in Tibet and Australia. This is
because it helped to balance periods of poor solar irradiance and reduce the size of
storage required throughout the system.

HVDC lines were built between Singapore and all three RE-locations: Tibet,
India, and Australia. There were no HVDC lines built between pairs of RE-farm
locations.

Batteries were built at all three RE-farm locations, but not at Singapore. This is
because placing the batteries directly at the RE locations meant that electricity was
moved in time before it was moved in space. This means that the electricity moved
in space was lower, as some of the energy was lost while being moved in time. This
reduced the size and usage cost of the HVDC lines. This is because the total cost of
moving electricity in space (via HVDC lines) is similar to the total cost of moving
electricity in time (via batteries), as can be seen in Figure . The flow of electricity
into and out of the four locations are shown in Figures[7.9] [7.10} [7.11} [7.12} [7.13] [7.14]
[C.15] and [Z.16

Ammonia storage was built at Singapore and Australia. There was ammonia

transport between Australia and Singapore.
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Size of Assets in Optimal System
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Figure 7.4: Size of Assets in Optimal System. This is the optimal size of assets
at locations or between two locations. These are for all six scenarios tested. The
brands of these scenarios are given in Table [7.10 Location (0) refers to Singapore
for all scenarios. Location (1) is Tibet for scenarios (a)-(e). Location (2) is India
for scenarios (a)-(e). Location (3) is Australia for scenarios (a)-(e). Location (1)
is Somalia for scenario (f). Location (2) is Sudan for scenario (f). Location (3) is
Mongolia for scenario (f). Columns with a pair of locations refer to assets that are

place from the first to second location. E.g. (0,1) EL_Transport refers to an electricity
line from Location (0) to Location (1).
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Cost of Assets in Optimal System

(a) Business as Usual (BAU) (b) Cheaper Batteries
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Figure 7.5: Cost of Assets in Optimal System. This is the cost of assets in optimal
systems at locations or between two locations. These are for all six scenarios tested.
The brands of these scenarios are given in Table Location (0) refers to Singapore
for all scenarios. Location (1) is Tibet for scenarios (a)-(e). Location (2) is India for
scenarios (a)-(e). Location (3) is Australia for scenarios (a)-(e). Location (1) is
Somalia for scenario (f). Location (2) is Sudan for scenario (f). Location (3) is
Mongolia for scenario (f).
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Size of Assets in Optimal System
Business as Usual (BAU)

100 ~
80 -
=
=
e
o 60 -
N
)
D
ﬁ 40 A
20 A J
ol Ml . | 1 s o . |
(SG) (TB) (IN) (AU) (SG-TB) (SG-IN) (SG-AU) (TB-IN)
[ EL_Demand s RE_PV I EL Transport I NH3 _Transport
I HTH_Demand I RE_Wind I EL to HTH NH3 to EL
I BESS [ NH3_Storage I NH3_to_HTH I EL_to_NH3

Figure 7.6: Size of Assets in Optimal System for Business as Usual Scenario (BAU).
Columns with a pair of locations refer to assets that are place from the first to second
location. E.g. (SG,TB) EL_Transport refers to an electricity line from Location SG

(Singapore) to Location TB (Tibet). The brands of these scenarios are given in Table
ran
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Cost of Assets in Optimal System
Business as Usual (BAU)
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Figure 7.7: Cost of Assets in Optimal System for Business as Usual Scenario (BAU).
This is the cost of assets in optimal systems at locations or between two locations.
The brands of these scenarios are given in Table
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Electricity Flow (GWh)
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Figure 7.8: Flow of Electricity in BAU Scenario at selected times.
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Figure 7.9: Flow of Electricity into Singapore in BAU Scenario at selected times.
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Figure 7.10: Flow of Electricity out of Singapore in BAU Scenario at selected times.
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Flow of Electrical Energy into EL node at RE Location 1
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Figure 7.11: Flow of Electricity into Tibet in BAU Scenario at selected times.
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Figure 7.12: Flow of Electricity out of Tibet in BAU Scenario at selected times.
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Flow of Electrical Energy into EL node at RE Location 2
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Figure 7.13: Flow of Electricity into India in BAU Scenario at selected times.
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Figure 7.14: Flow of Electricity out of India in BAU Scenario at selected times.

206



Flow of Electrical Energy into EL node at RE Location 3
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Figure 7.15: Flow of Electricity into Australia in BAU Scenario at selected times.
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Figure 7.16: Flow of Electricity out of Australia in BAU Scenario at selected times.
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There were almost no NHj3_to_EL assets in the system. This indicates that am-
monia was only used to satisfy HTH demand, but not electricity demand. This is
because converting ammonia to electricity is very inefficient and expensive. To get an
insight into this, consider a simple back-of-the-envelope calculation of the difference
in efficiency of using electricity vs ammonia to move energy in space and time to
satisfy electricity and HTH demands.

To satisfy electricity demand via electricity, electricity is moved in space via HVDC
lines, moved in type to charge batteries, moved in time in batteries, and moved back in
type to electricity by discharging. Moving energy in space via AC lines leads to about
10% losses per 1000km. Moving energy in space via HVDC lines leads to about 1%
losses per 1000km. Moving energy in space via ammonia leads to about 0.1% losses
per 1000km. Thus, it may seem like ammonia is an efficiency energy vector. However,
charging or discharging a battery leads to about 4% losses each way. Charging or
discharging ammonia storage leads to about 40-50% losses each way.

Thus, using HVDC lines and batteries to satisfy electricity demand leads to an
overall efficiency of about 90% (97.5% x 97.5% x 95%, assuming 5000km distance).
Using ammonia transport and storage to satisfy electricity demand leads to an overall
efficiency of about 31% (60% x 52% x 99.5%). This leads to an implicit over-sizing
cost of 111% (1/90%) vs 322% (1/31%), or almost 3 times the cost of the rest of the
system to generate the energy.

However, the overall efficiency to satisfy HTH are 90% vs 60%, using electricity
and ammonia, respectively. This is because ammonia does not have to be converted
back to electricity and is burnt directly. Thus the using ammonia for HTH only costs
1.5 times the costs of the rest of the system compared to using electricity. Thus,
ammonia is used to satisfy HTH, but is rarely used to satisfy electricity.

One initially paradoxical behaviour observed was the transport of ammonia from
Singapore (the demand location) to Australia (the supply location). An example of
this is shown in Figure .17} Ammonia was transported from Singapore to Australia
from days 136 to 144. However, a closer examination explains that this was a use of

distributed storage of ammonia.
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On day 136, the ammonia storage tanks in Singapore were very full, thus they
would not have been able to accept the next shipment of Ammonia. Instead of increas-
ing the size of ammonia storage at Singapore, the optimizer transported ammonia to
Australia as the ammonia storage tanks in Australia were under-utilized. This is be-
cause there was a period of low ammonia production in Australia at the same time,
between days 145 and 155.

However, note that ammonia was being shipped both to and from Singapore for a
week between days 136 and 144. This is because the optimization was also using the
ammonia in transit on ships, as temporary storage. This allowed the optimization
to reduce the size of ammonia storage required in Singapore and Australia. This is
counter intuitive as the ideal action would be to just dock the ships at Singapore
during that time. This is a limitation of the case study as the NH3;_Transport asset
can only ship ammonia from one location to another. It is not modelled to be able
to just store ammonia and be docked.

Future case studies can rectify this by modelling an additional asset that just
docks ammonia. Another way to fix this would be to model the ammonia transport
asset with two components, one to “load the ammonia on storage tanks on the ship”,
and another to transport the ammonia to a different location. This would lead to
lower losses (from transport) and costs (from chartering).

However, in the current case study, the costs of using ships as temporary storage is
overestimated. More accurate modelling of this transport will lead to lower ammonia
consumption to transport ammonia. Furthermore, the chartering costs will be re-
placed with berthing costs. The fuel costs of ammonia transport are very low (about
0.1% losses per 1000km). The difference between berthing and chartering costs is also
low. And these scenarios only occur a few times. Thus this has a negligible impact

on the overall sizing and costs of the system and thus the results of the optimization.

7.2.3 Cheaper Batteries

The second scenario considered in the case study is the cheaper batteries scenario. In

this scenario, batteries are assumed to cost 50% of the BAU cost. Figures and
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Figure 7.17: Flow of Ammonia in BAU Scenario showing the operation of distributed
ammonia storage. When ammonia storage tanks in Singapore were full, ammonia
is transported back from Singapore to Australia. This allows the system to use the
empty ammonia storage tanks in Australia instead of increasing the size of storage
tanks in Singapore. During a short period, ammonia is transported both to and
from Singapore, at the same time. This indicates that the system is using ammonia

in transit as temporary storage, insteac&lcg increasing the size of storage tanks in
Singapore or Australia.



[7.19) show the size and cost of assets in the optimal system design for the cheaper

batteries scenario, respectively.
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Figure 7.18: Size of Assets in Optimal System for Cheaper Batteries Scenario.
Columns with a pair of locations refer to assets that are place from the first to second
location. E.g. (SG,TB) EL_Transport refers to an electricity line from Location SG

(Singapore) to Location TB (Tibet). The brands of these scenarios are given in Table
(. 10

Unlike to the BAU scenario, no more wind farms are built when batteries are
cheaper. Furthermore, the solar farms in Tibet and India are smaller, while the solar
farms in Australia are bigger. This indicates that there is less benefit of spreading
out the generation of electricity. This is because the cost of moving energy in time
is cheaper, thus there is less need to more closely match total RE supply profile with
the demand profile in Singapore. Thus, the system builds more of the cheapest RE:

solar farms in Australia.
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Figure 7.19: Cost of Assets in Optimal System for Cheaper Batteries Scenario. This
is the cost of assets in optimal systems at locations or between two locations. The
brands of these scenarios are given in Table [7.10]
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When batteries are cheaper, ammonia storage and transport is also reduced. This
is because batteries become an even cheaper way of moving energy in time compared
to ammonia. Note that even when battery prices are halved, the system still uses
some ammonia storage and transport. Thus, there is a small value of ammonia even
when battery prices drop dramatically. This is because the ammonia production and
ammonia storage assets can be sized independently to produce an overall storage
system that is ideal for long term storage of energy.

Also note that the reduction in ammonia usage is correlated with the reduction

in wind usage. This will be discussed again in the cheaper wind scenario.

7.2.4 Cheaper Wind

The third scenario considered in the case study is the cheaper wind scenario. In this
scenario, wind farms are assumed to cost 50% of the BAU cost. Figures and
show the size and cost of assets in the optimal system design for the cheaper wind
scenario, respectively.

As expected, when the cost of wind is assumed to be lower, the ideal system has
more wind and less solar PV at all RE locations. Note that even when wind costs
are assumed to be 50% of BAU values, the optimal system predominantly consists
of solar farms. This is probably because wind has very high seasonal variability
that requires higher amounts of long term storage. This long term storage is most
effectively satisfied with ammonia storage.

This leads to the next big difference compared to BAU scenario: when wind power
is cheaper, and the system contains more wind, the ideal system also has more ammo-
nia storage and transport. This is again because wind requires longer term storage
solar. This is why wind and ammonia storage are observed to be complementary
in optimal energy systems. Similarly, solar and shorter term battery storage are
observed to be complementary.

These “pairs” of generation and storage technologies are also seen in the cheaper
batteries scenario. When battery prices were cheaper, the optimal system consisted
of more batteries and less ammonia storage. It thus contained more solar and less

wind power.
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Figure 7.20: Size of Assets in Optimal System for Cheaper Wind Scenario. Columns
with a pair of locations refer to assets that are place from the first to second location.
E.g. (SG,TB) EL_Transport refers to an electricity line from Location SG (Singapore)
to Location TB (Tibet). The brands of these scenarios are given in Table
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Figure 7.21: Cost of Assets in Optimal System for Cheaper Wind Scenario. This
is the cost of assets in optimal systems at locations or between two locations. The
brands of these scenarios are given in Table [7.10]
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7.2.5 Cheaper Ammonia Storage

The fourth scenario considered in the case study is the cheaper ammonia storage
scenario. In this scenario, ammonia storage tanks, NH; to_ EL and EL_to NHj3 tech-
nologies are assumed to cost 50% of their respective BAU costs. Figures and
show the size and cost of assets in the optimal system design for the cheaper

ammonia storage scenario, respectively.

Size of Assets in Optimal System
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Figure 7.22: Size of Assets in Optimal System for Cheaper Ammonia Scenario.
Columns with a pair of locations refer to assets that are place from the first to second
location. E.g. (SG,TB) EL_Transport refers to an electricity line from Location SG
(Singapore) to Location TB (Tibet). The brands of these scenarios are given in Table
ran

As expected, when ammonia storage and conversion technologies are cheaper, the
optimal system consists of more ammonia storage and transport. In this scenario,

there is slightly more wind and lower solar in Tibet and Australia.
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Figure 7.23: Cost of Assets in Optimal System for Cheaper Ammonia Scenario. This
is the cost of assets in optimal systems at locations or between two locations. The
brands of these scenarios are given in Table [7.10]
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As seen in other scenarios, the size of wind farms and ammonia storage are corre-
lated. This is also observed in the cheaper ammonia storage scenario. When ammonia
storage is cheaper, the optimal system contains more ammonia storage. In this case,
the optimal system also contains more wind. Note that while the optimal system
contains more wind, it is still predominantly solar.

When ammonia storage is cheaper, ammonia storage tanks are also built in Tibet
and India. Thus, when ammonia storage is cheaper, ammonia storage is also paired
with solar PV.

When ammonia storage is cheaper, there is significant ammonia transport between
Tibet and India, and between India and Australia. This shows that there are benefits
to distributed storage of ammonia. The distributed storage tanks connected via

ammonia transport seem to act together as a global ammonia storage system.

7.2.6 Efficient Ammonia

The current technologies to produce ammonia from electricity and convert it back to
electricity are very inefficient. The high conversion losses of ammonia technologies
leads to high implicit costs as RE generation farms need to be oversized to overcome
higher losses. The cheaper ammonia scenario tests the impact of lowering the explicit
cost of ammonia technologies. The efficient ammonia scenario tests the impact of
lowering the implicit costs of ammonia technologies.

The fifth scenario considered in the case study is the efficient ammonia storage
scenario. In this scenario, NH3;_to_EL and EL_to_NHj technologies are assumed to
be more efficient than their respective BAU brands. Figures and show the
size and cost of assets in the optimal system design for the efficient ammonia storage
scenario, respectively.

Even when ammonia conversion technologies are assumed to be significantly more
efficiency than the BAU scenario, the optimal system did not change significantly
compared the BAU scenario. This is because the cost of generating energy is very
small compared to the cost of moving energy in space, time, and type. Thus, the
implicit costs of the high losses of ammonia storage are very small compared to the

explicit costs of the ammonia storage and conversion technologies. Thus, it is more
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Figure 7.24: Size of Assets in Optimal System for Efficient Ammonia Scenario.
Columns with a pair of locations refer to assets that are place from the first to second
location. E.g. (SG,TB) EL_Transport refers to an electricity line from Location SG

(Singapore) to Location TB (Tibet). The brands of these scenarios are given in Table
ran
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Figure 7.25: Cost of Assets in Optimal System for Efficient Ammonia Scenario. This
is the cost of assets in optimal systems at locations or between two locations. The
brands of these scenarios are given in Table [7.10]
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important to reduce the explicit costs of ammonia storage and production technologies
than it is to increase the efficiency of ammonia production technologies.

This highlights another important distinction between traditional fossil fuel-based
energy systems and future RE-based energy systems. In traditional fossil fuel-based
energy systems, the cost of generating energy is high but the cost of moving energy
in space and time is low. In future RE-based energy systems, the cost of generating
energy is low, but the cost of moving energy in space, time and type is high. Thus,
the major challenge of future RE-based energy systems is to lower the cost of mov-
ing energy in space, time or type. If ammonia is used, the movement of energy is
space and time is cheap, but the movement in type (conversion) is expensive. Thus,
energy conversion is where efforts need to be concentrated for ammonia technology

improvement.

7.2.7 Different Locations

The sixth and final scenario considered in the case study is the different locations
scenario. In this scenario, the locations of the three RE farms were changed to
Somalia, Sudan, and Mongolia. This was done to demonstrate that the STEVFNs
tool can be used to easily change the location of assets allowing it to be used for the
assessment of locations of assets in the design of an energy system. Figures and
[7.27] show the size and cost of assets in the optimal system design for the different
locations scenario, respectively.

When the RE farm locations were changed, the optimal energy system only con-
sisted of solar and wind farms at two RE locations, Somalia and Mongolia. The
optimal energy system did not consists of any assets in Sudan. This is because even
though Sudan would be give increased variation of profiles in longitude, it was much
further away. Thus, the cost of moving energy in space was too high to justify any
reductions in costs from lower movements of energy in time (storage).

The optimal energy system consisted of a higher fraction of wind power compared
to the BAU scenario.

Ammonia storage was only built in Singapore and Somalia; it was not built in

Mongolia. Thus, there was only ammonia transport between Somalia and Singapore.

221



Size of Assets in Optimal System
Different Locations

120 A

100 A
=
% 80 A
[}
N
0
L 601
Q
)]
%]
<<

40 A

20 A

0 In =

| 1 | ! 1 1
(SG) (SO) (MN) (SG-S0)  (SG-MS)  (SO-MN)

[ EL_Demand s RE_PV I EL_Transport I NH3_Transport
BEE HTH Demand WM RE_Wind B EL to HTH NH3 to EL
I BESS [ NH3_Storage I NH3_to HTH I EL_to_NH3

Figure 7.26: Size of Assets in Optimal System for Different Locations Scenario.
Columns with a pair of locations refer to assets that are place from the first to second
location. E.g. (SG,TB) EL_Transport refers to an electricity line from Location SG

(Singapore) to Location TB (Tibet). The brands of these scenarios are given in Table
ran
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Figure 7.27: Cost of Assets in Optimal System for Different Locations Scenario. This
is the cost of assets in optimal systems at locations or between two locations. The
brands of these scenarios are given in Table [7.10]
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7.3 Summary and Policy Recommendations
7.3.1 Policy Recommendations

The RE Singapore needs could come from one location, however, it may be benefi-
cial for Singapore to potentially place multiple long-distance RE farms around the
world. Singapore could also potentially bring the energy back to Singapore via mul-
tiple possible means, e.g. via electricity lines or via chemical energy vectors such as
ammonia. There are both techno-economic and political benefits of having multiple
RE farms and energy vectors. An example of the political advantages is increased
energy security. If any country decides to block access to an RE farm or severs an
electricity line that goes though that country, Singapore will still be able to get its
energy from other locations or via other energy vectors. However, this is beyond the
scope of the thesis and this assessment is a question for policy makers. This chapter
uses the STEVFNs tool to assesses the techno-economic benefit of adding multiple
RE farms and energy vectors. Policy makers may use the results from this study to
decide if the political cost of future scenarios outweigh the techno-economic cost of
building an energy system in a certain way.

Some techno-economic benefits of building multiple RE farms and energy vectors
include being able to reduce the size of RE farms, or energy storage as energy can be
moved in space and type, instead of being moved in time. It might be dark at one
location in the world, but sunny in another. Thus, instead of using expensive batteries
to move energy in time, we can use HVDC lines to move them in space instead.
Furthermore, using ammonia could also provide an alternate means of moving energy
in both space, time (via storage in tanks), and type (as we can burn ammonia for
high temperature heating). Thus, we can qualitatively see the potential benefits of
such a whole energy system.

The case study gave insights about optimal energy systems, as well as how they are
affected by the costs and efficiencies of various technologies. These can be summarized

as the following policy implications.

1. Solar PV is the dominant energy generation asset in future RE-based energy

systems. This is true even when the cost of wind power is assumed to drop to
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50% of BAU values. The cost of solar is predicted to fall, while the cost of wind
is not expected to fall as quickly. Thus, global energy systems should consider

predominantly solar PV.

. Even though PV is the dominant energy generation type, a small amount of wind
is still beneficial in a RE-based energy system. This is because it is uncorrelated
with solar and drastically reduces the need to move energy in time (storage).
This small amount of wind power should be used to balance the overall supply

pattern rather than provide the bulk of energy supply.

. Wind power pairs well with ammonia to move energy in time (storage). Simi-
larly, solar PV pairs will with batteries to move energy in time (storage). Op-
timal energy systems with more ammonia storage will usually contain more

wind.

. Ammonia is useful in an energy system as it provides multiple energy system
functions of movement in space, time, and type. Thus, a small amount of
ammonia is useful in an energy system even when battery costs are half of BAU
values. Future research assessing the viability of ammonia should consider the
benefits of multiple functions of ammonia in an energy system, and not just one

function independently.

. Research should focus on reducing the costs of ammonia generation and storage
technologies instead of improving their efficiencies. This is because the implicit
cost of inefficiency losses are very low compared to explicit costs of sizing and
using ammonia generation technologies. Reducing costs of ammonia generation
and storage technologies increased their use. However, increasing the efficiency
of ammonia generation technologies by 34% made no significant difference to

the use of ammonia in an energy system.

. Ammonia is used as a path, or energy vector, to satisfy HTH end-use demand.
However, it is not useful to satisfy electricity end-use demand. This is because
converting ammonia to electricity dramatically increases losses, and thus the

energy production costs of over-sizing RE-farms. Using ammonia as an energy
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vector to meet HTH demand only leads to 50% higher generation costs; however,
using ammonia as an energy vector to meet electricity demand leads to 200%
higher generation costs compared to using electricity and batteries as energy

vectors.

7. In the existing fossil fuel-based energy system, the cost of generating energy is
high, but the cost of moving energy in space and time is low. In the future RE-
based energy system, the cost of generating energy will be low, but the combined
cost of moving energy in space, time, and type will be high, accounting for
approximately half of total system cost. Thus, research efforts should focus on

reducing the costs of technologies that move energy.

It must be noted that the main purpose of the hypothetical case study is to perform
as stress test to validate system dynamics of STEVFEFNs. The policy recommendations
are still general and need to be further validated by testing more relevant and realistic

scenarios.

7.3.2 Summary

This chapter answers the final thesis sub-question, thesis sub-question [5} “How do
these model-generators and tool yield insights into real world energy system prob-
lems?” This chapter utilizes the open source STEVFNs tool to perform a case study
of Singapore. This case study leads to insights on the design of long-distance DER
farms and seven policy recommendations.

The case study is to optimize the sizing and operation of various assets to sup-
ply all of Singapore’s hourly electricity and high temperature heating demand using
long-distance DER farms at three potential locations around the world. The system
could potentially have solar and /or wind farms at any of the three RE locations. The
system could potentially have batteries, ammonia storage tanks, ammonia to electric-
ity assets, and electricity to ammonia assets at any of the four locations. The system
could potentially have HVDC electricity lines and /or ammonia transport between any
pair of the four locations. This case study was performed for 100 scenarios to test the
time taken for the optimizations to be done. Six interesting scenarios are discussed

in this chapter.
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The case study lead to insights of the value of ammonia in a whole energy system
and various policy recommendations. There are various limitations to the case study.
Firstly, HVDC lines were assumed to be laid using the shortest path, i.e. along
great circles, or as the bird flies. This ignores the effect of terrain, and the ideal
routing of HVDC lines may be different. Future work can include better HVDC
routing algorithm, including those that use existing trade routes. The costs and
efficiencies of HVDC lines and ammonia are still very uncertain. Thus, more work
needs to be done to get more accurate estimates. This will allow newer and more
certain insights. Lastly, hourly heating demand was assumed to follow the pattern
of electricity demand. This is because hourly HTH demand data was not readily
available. Future research, and regulatory work needs to be done to gather and make
such data more readily available.

The main question of the thesis is to determine if a generalized spatio-temporal
model of assets can be developed and utilized to optimize the sizing, operation and
location of energy system assets. This chapter brings the thesis together by using
the STEVFNs tool to perform a case study of optimal design of an energy system for
Singapore. This lead to insights into emerging new energy systems. The next chapter
concludes the thesis by summarizing the thesis contributions to knowledge and future

research that this thesis enables.
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Chapter 8

Conclusion

The core question the thesis addresses is:

“Can a generalized spatio-temporal asset model-generator be developed
and utilized to optimize the sizing, operation, and location of energy

system assets?”

This thesis develops a unified asset model-generator, and uses it to build a system
design model-generator and tool for the optimal sizing, operation, and location of
energy system assets with scenario assessment called the Space-Time Energy Vector
Flow Networks (STEVFNs; pronounced “Stevens”).

This thesis does so by answering the five thesis sub-questions. Before a system
design model-generator can be developed, a unified generalized spatio-temporal asset
model-generator needs to be developed, doing so requires answering the first thesis

sub-question:

Sub-question [1} “What are the minimum and sufficient theoretical basis
functions of all assets in an energy system, and can these functions be

used to create a unified model-generator of assets?”(Chapter |3))

There are five basis functions of an energy system: energy demand, supply, trans-
port, storage, and conversion. Any energy system function can be built from these
basis functions. As demand response can be viewed as a generalization of energy

storage, the five basis functions can model all combinations of the six types of energy
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system assets. Chapter 3| develops a unified generalized spatio-temporal asset model-
generator that describe any asset that can perform any combination of energy system
functions.

With this unified asset model-generator, the second thesis sub-question is tackled:

Sub-question [2} “Can a model-generator of energy system design
problems be developed, that utilizes the unified model-generator of
assets, to co-optimize the sizing, operation, and location of real

assets?” (Chapter

Chapter [4| develops the Space Time Energy Vector Flow Networks (STEVFEN; pro-
nounced like the name “Steven”) system design model-generator to co-optimize the
sizing, operation, and location of energy system assets with scenario assessment.
While Chapter [4] shows that there exists a solution to generate a model of any
energy system asset using STEVFNs model-generators, the challenge of generating
models for assets using the STEVFNs model-generators still needs to be tackled
before STEVFENs can be utilized. To do this, this thesis answers the third thesis

sub-question:

Sub-question |3: “How are models for real-world assets generated from

traditional data using the model-generators?” (Chapter [5))

Chapter [5] solves the problem and generates models for five simple and six complex
real-world assets using the STEVFNs model-generators and manufacturer data or
simple black-box measurements.

With real-world assets modelled in STEVFNs, the next step is to implement the
STEVFNs model-generators and the models of assets generated using the STEVFNs
model-generators as a tool. To do this, the thesis answers the fourth thesis sub-

question:

Sub-question (4t “Can the model-generators be implemented as an easily

accessible tool?” (Chapter [6])
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Chapter [0] implements the STEVFNs model-generators as an open-source tool for
the co-optimization of sizing, operation, and location of energy system assets with
scenario assessment. This tool is called the STEVFNs tool and is available on GitHub
.

With the STEVFNs tool developed, the benefit of the tool can be demonstrated

by answering the fifth, and final, thesis sub-question:

Sub-question 5t “How do these model-generators and tool yield insights

into real world energy system problems?”(Chapter [7))

Chapter [ utilizes the open source STEVFEFNS tool to perform a hypotherical case study
of Singapore. The case study acts as a stress test to validate the system dynamics of
the STEVFNs model-generators and tool. This case study also leads to insights on

the design of long-distance DER farms and seven policy recommendations.

8.1 Contribution to Knowledge

This thesis generates the following five contributions to knowledge:

1. This thesis is the first to provide the fundamental basis functions of an en-
ergy system, and use them to develop a unified asset model-generator that can

theoretically perform any combination of energy system functions.

2. Developed the STEVFNs system design model-generator for the co-optimization
sizing, operation, and location of any type of energy system asset, with scenario

assessment.

3. Generated models for five simple and six complex real assets using the STEVFNs

model-generators and real-world data.

4. Implemented the STEVFNs model-generators as an easily accessible open-source

tool in python, called the STEVFNs tool.

5. Performed a case study of Singapore to yield insights and seven policy recom-

mendations about emerging energy systems with long-distance DER farms.
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8.2 Future Work
Dissemination of Information

The results from this thesis will be published as a series of academic papers. There
are currently four related papers at various stages in the publication pipeline.

Video tutorials are already available for system designer, however video tutorials
need to be made available for two types of end-users: asset modellers and optimizers.
These tutorials will also be combined as a course for the Open University. More
detailed training courses will be made available for policy makers, industry, and aca-
demics in energy modelling summer schools such as the ICTP CCG joint summer
school on modelling tools for sustainable development [I8§].

The STEVFNSs tool is being verified against existing tools such as OSeMOSYS
[8], and MARKAL/TIMES [10, [9].

Other Case Studies

The STEVFNs model-generators and tool developed in this thesis have already in-
formed high level policy makers and high impact academics from at least six countries.
The STEVFNs model-generators and tool is being used to assess the case for
building the first commercial fusion plants to be built in Singapore. This is because
Fusion can provide flexible heating and electricity and can thus provide multiple
functions and value in a whole energy system. A*STAR and NCCS-PMO are also in
conversations to use the STEVFEFNs model-generator or tool to build an in-house na-
tional energy model that will be used by all ministries to align energy research efforts
around the country. It is also being used by a consortium led by Climate Analytics
to develop the Global Mitigation Potential Atlas that estimates how decarbonization
costs can be reduced via international collaboration and renewable energy trade.
The STEVFNSs tool is being used to guide Saudi Arabia’s decarbonization strate-
gies. The STEVFNSs tool is being used to assess the ideal mix solar, wind, storage,
and HVDC lines to meet Saudi Arabia’s 50/50 target for 2030. It is also being used
to assess the economic viability of early retirement of existing non-renewable energy
infrastructure such as coal and oil power plants. The problem of stranding these

assets may be outweighed by the economic benefits from cheaper DER generation.
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The STEVFNSs tool is also being used to make a case for a more ambitious energy
decarbonization pathway for Saudi Arabia. This is being done by designing long term
energy system decarbonization pathways for Saudi Arabia. It is also being used to
study how the viability of hydrogen changes when it is used for multiple functions in
Saudi Arabia, including for international trade.

The STEVFNs tool is being used in a collaboration between researchers from
Oxford and Austria to build a tool to calculate and visualize the benefits of interna-
tional HVDC links. It is also specifically being used to study the viability of a HVDC
connection between South America and West Africa.

The STEVFNSs tool is being used by researchers at the Energy and Power Group
in Oxford to study the optimal bidding strategy of PV in the new Mexican energy
market, with and without batteries.

Researchers from the Delta E-plus group at Simon Fraser University in Canada
are also in conversations to use either the STEVFEFNs tool or model-generator as one
of the building blocks for another energy system optimization framework. This new
framework seeks to use STEVFNs to efficiently resolve the convex part of energy
system design problems. It will then have an outer layer that will use machine learning
and other heuristic optimization methods to solve the non-convex parts of energy

system design.

Extensions of STEVFNs

The development of the STEVFNs model-generators was motivated to deal with
energy systems. However, the physics of STEVFNs is not restricted to energy flows;
this is already apparent in the hydrogen water heater asset in Section which
considers the flows of “hot water”. Therefore, STEVFNs can be extended to model
any type of general material flows, and thus assets. The immediate application is to
extend STEVFNSs to Climate, Land (Food), Energy, and Water strategies (CLEWS)
[207]. Current research uses these other systems as constraints for the energy system
design. STEVFNs can unify all usages and assets in CLEWSs to not only uses land
and water systems as constraints, but also co-optimize the design of land, water,

and energy systems, together. Some integrated assessment models do optimize for
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land and water use, but as they are federated models, studying their computational
complexity is difficult, and their co-optimization becomes inefficient and sometimes
contradictory if multiple modules attempt to optimize the same thing [208], [?].
Another extension of STEVFENs is to Industrial Symbiosis Networks (ISNs) [169].
These are systems of factories, etc, that are interconnected, e.g. the output of one
factory is the input of another. The current state of the art methods of modelling ISNs
require inversion of large sparse matrices just to simulate these systems. Modelling

ISNs using STEVFNs can solve the following open problems in ISN modelling:

1. STEVFNSs allows for much quicker simulation of large ISNs using parallelization

allowed from the locality in STEVFNs as described in Section [4.4.6]

2. STEVFNs allows for more intuitive and automatic modelling of ISNs. Current
methods require a lot of manual effort to ”"balance” and build matrices whose
inverted forms represent the ISNs. The balancing of these matrices is non-

trivial, and needs to be solved for each unique system[209].

3. STEVFNSs allow for the simulation of multiple timesteps, and storage of mate-
rials that current ISN modelling methods struggle with (because they become

computationally prohibitive).

4. STEVFNs allows for the optimization of the sizing and operation of ISNs; cur-
rent methods require inversion of matrices to simulate ISNs. This means that
the simulation of multiple timesteps becomes computationally intractable as it
requires the inversion of an NxN matrix sparse matrix, where N is the number
of timesteps. This representation makes it difficult to optimize ISN operation,
let alone sizing. Some authors attempt to use linear programming to represent
certain heat networks, this is very similar to the approach used by energy sys-
tem models such as OSeMOSYS. They thus have similar limitations, and can

benefit from similar computational improvements with STEVFNs.
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Theoretical Implications

This thesis utilizes and develops various concepts from theoretical physics. There are
various insights and implications that can be obtained from the work of the thesis.
The conversion from snapshots in time to flows of generalized coordinates in time is
linked to the conversion from the equations of motion of a system to the stationary-
action principle. This may be viewed as converting a numerical integration problem
to a numerical optimization problem. The study of the convexity of the optimization
problem, and thus the computational complexity of the optimization problem can thus
be linked to the computational complexity of solving the original equations of motion.
This could allow us to find a new definition of chaos and a “good approximation”.
This could allow researchers to move from asking “is this a good approximation” to
“does a good approximation exist”. A good approximation exists if the mathematical
optimization problem can be solved (or at least tested) in polynomial time. This
would be equivalent to saying that the errors in the numerical integration can be
bounded in polynomial time as the simulation time increases. A chaotic system may
thus be a system for which no good approximation exists.

The visualization of flows in space, time, or type in a network may be mapped
to classical field theories. Components or energy system functions can be mapped to
physical forces. The costs of assets can be mapped to the action of a system. This
may give us intuitive understanding of the origin of charge parity and time reversal
(CPT) symmetry in classical field theories. This may further give insights into why
some forces preserve subsets of CPT symmetry. The dependence of the costs of assets
on local flows can also be mapped to the measure of “distance” and thus to curvature

of spacetime in general relativity.
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