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Abstract

The current distribution network operation and planning framework is rather centralised. The
distribution network operator (DNO) makes decisions on congestion management and network
upgrades without communicating with the consumers and taking into account their actual
valuation of electricity supply and flexibility. Customers’ valuation, reflecting their willingness
to curtail or reschedule their loads, is based on their requirements, preferences and perceptions
regarding energy use. This value is currently assumed identical 1) for all consumers of the same
type (i.e., residential, commercial and industrial) and 2) for every unit of energy supplied,
irrespective of the specific service it provides to the consumer. Furthermore, specific operations
of time-coupling technologies, such as electric vehicles and wet appliances, are not integrated
in the current framework. Therefore, their valuation of supply is disregarded in distribution
network planning. The time-coupling technologies provide the opportunity for DNOs to
redistribute the energy over the time instead of reducing the demand. Finally, the current
distribution network charging schemes are based on the overall customers’ energy consumption
or capacity and not the differentiated impacts of individual user preferences. Hence, they do

not accurately reflect the contribution of each customer to the total network expenditure.

Building on the advanced metering and control capabilities of the emerging smart grid, this
work explores the impact of integrating the differentiated valuation of electricity supply for
different customers and different levels of supplied energy in distribution network planning.
To quantify customers’ valuation, their flexibilities are modelled based on their willingness to
curtail and reschedule their loads to avoid additional network charges. Customer interruption
costs are then reduced, since the supply interruption of customers with low supply valuation
and the non-critical part of their demand is prioritised during network failures. As a result, the
need for capital-intensive network reinforcements is limited and the total network expenditure
is reduced. Finally, a cost-reflective network charging scheme based on the principles of
locational marginal pricing is proposed. This scheme enables an equitable treatment of
customers with differentiated supply valuation as well as full recovery of investment costs for

DNOs.
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Chapter 1

Introduction

1.1  Thesis context

Fundamental features of electrical power systems around the world are currently under
revisions, since the number of key drivers necessitate deployment of new tools and
technologies for operation and designs of these systems. The main driver is climate change
concern, which is caused by those human activities that have led to increasing the concentration
level of greenhouse gas emissions in the atmosphere. Various governments and organisations
have taken significant actions to build the foundation to tackle these concerns. In the United
Kingdom (UK), the 2008 Climate Change Act [1] has established the ambitious target of
curbing greenhouse emissions by 80% (with respect to the 1990 level) by 2050, with the interim
objective of 50% reduction by 2025.

In addition to the environmental issues, there is also growing concern related to undesirable
economic and social effects of energy security absence. This is due to the high reliance of the
energy sector on fossil fuel availability and price. In view of climate change and energy security
concerns, electricity power systems are facing the challenge of decarbonising the energy sector
(both generation and demand side) while ensuring the critical energy policy objectives such as

security of supply and affordability.

Decarbonisation of electricity generations is currently in progress through wide deployment of
renewable and low carbon energy sources. The 2009 Europeans Commission (EC) renewable
energy directive [2] mandates fulfilment of at least 20% of the total energy requirements with

renewables by 2020, attainable through individual targets set for each country inside the
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European Union (EU). However, most of these sources are inherently characterised by lack of
predictability and controllability, which risks the network security of supply. In the UK, for
example, wind generation is the main renewable energy contributor with a significant estimated

growth in the future [3].

In addition, the decarbonisation of energy demand side is anticipated to grow beyond 2020
with the electrification of segments of transport and heat sectors [4]. Currently, transportation
and heating requirements are mostly satisfied by Internal Combustion Engines (ICE) and
gas/oil fired technologies, respectively. These technologies are based on fossil fuel
consumptions and are a major cause in increasing greenhouse emissions [5]-[8]. Recent
technological advances have enabled this transition with production of efficient and affordable
Electric Vehicles (EV) [6]-[7] and Electric Heat Pumps (EHP) [8]. Although electrification of
these sectors will assist to address the environmental and energy security concerns, it leads to
emergence of a substantial amount of new demand in power networks, driven by intense energy
consumption profile of EVs and EHPs. Moreover, analysis of the transport and heat
consumption patterns foresees disproportionately higher demand peaks compared to the overall

rise in energy consumption, leading to a significant decline in assets’ utilisation [4].

Conventional power system solutions to address the aforementioned issues are increasing
generation capacity and network redundancy level, attainable through massive capital-
intensive investments. To avoid this expensive option, network challenges can alternatively be
tackled through generation and demand technologies as well as intelligent monitoring and
control systems that are provided under smart grid concept. This concept facilitates a high
deployment of various form of technologies, such as Demand Response (DR), Distributed

Generation (DG) and storage.

1.2 Thesis motivation
1.2.1 Role of the demand side in the merging power system setting

As discussed in the previous section, demand side can contribute massively in facilitating the
decarbonisation of power systems. Firstly, the role of demand to address the environmental and
security concerns can be viewed from the energy consumption point. In this context, numerous

energy efficiency programmes are put forward to intensify adoption of energy efficient
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practises and measures, such as improving building insulation and changing users’

consumption behaviours [9].

Secondly, in the context of smart grid, the role of demand side can be expressed through DR,
where dynamic flexibility potentials of demand are taken into account to accomplish the
realisation of the envisaged power systems. This flexibility includes the ability of customers to
curtail or reschedule the use of certain loads in response to incentives provided by the system
operator. Customers’ willingness to shift their demand in time can be implemented by
integration of those demand technologies that exhibit storage characteristics, providing the
temporal decoupling between the request of electrical energy and its consumption. These
characteristics allow altering the temporal profile of demand without affecting the security of
the supply delivered to customers. Technologies supporting electrification of transport and heat
sectors are suitable illustrations of DR; an electrical battery and a heat storage are incorporated
in EVs and EHPs, respectively. The flexibility exhibited by these two technologies constitutes
an opportunity to reschedule the demand by controlling the timing and power usage of their
energy consumption. On the other hand, Wet Appliances (WA) including Washing Machines
(WM), Dish Washers (DW) and Tumble Dryers (TD), only exhibit the capability to shift the

consumption in time, since the power usage profile is fixed.

Exploiting these flexibilities ensures substantial economic, technical and environmental
advantages for the future power systems. These advantages are comprised of the reduction of
generation operation and investment costs, the growth of asset utilisation, the decline in
investments in network assets, the reduction of system balancing costs, shaving of demand
peaks generated by heat and transport sectors, the support of the system security of supply and
quality of the service, and reduction of greenhouse emissions [10]-[12]. However, most of
these works have rather focused on applications of these flexibilities in the context of
transmission network and wholesale market than those in distribution networks, especially in

planning and design stage.

1.2.2  Role of demand flexibility in the distribution network planning

Traditionally, distribution network planning is carried out based on prescriptive deterministic
standards, defined by the network regulator. For example, in the UK, P2/6 Engineering
Recommendations dictate the required security levels for different demand levels in the
network [13]. DNOs are also incentivised to do investments in the network based on several

targets measured by reliability indices, such as Customer Interruptions (CI) and Customer



Introduction 32

Minutes Lost (CML) [14]. This practise does not necessarily provide the best economical
outcome for the network operators and customers. It might also prevent the facilitating
deployment of smart grid technologies and techniques, such as DGs and DR. Hence, DNOs
can alternatively undertake planning and reinforcements in distribution networks according to

value-based assessments, in which decisions are made to minimise the network total cost.

The objective in this planning method lies in balancing the network investment cost against the
Customer Interruption Cost (CIC) in order to minimise the total network expenditure [15]-
[18]. As the level of network capacity increases, reliability of supply is increased (i.e. CIC is
decreased) at the expense of higher network investment costs. The optimal network capacity
achieves the best trade-off between these two cost components. The required investment cost
plus a regulated rate of return for the distribution network companies is then recovered from
customers through distribution network charges. However, this planning framework does not
take into account the demand flexibilities provided by customers’ actual valuation of electricity
supply, which affects the interruption cost directly. This valuation includes the costs that

customers experience when they curtail or shift certain loads during network failures.

Although previous works ([15]-[18]) recognise that CIC varies per customer sector (e.g.
residential, commercial, industrial) and quantify relevant values per sector, a single value is
employed for all customers of the same sector. This assumption is clearly oversimplifying, as
customers’ supply valuation does not depend only on the sector they belong to, but also on
their special individual requirements, preferences and perceptions regarding energy use [19]-

[23].

Moreover, the current distribution planning framework assumes that CIC remains constant for
every unit of energy supplied to the customer, irrespective of the specific appliance it is
consumed by and the specific service it provides to the customer [15]-[24]. However,
according to microeconomic principles [25] and previous works on modelling electricity
demand [26]—[30] , the customer’s marginal benefit or willingness to pay is captured by a
decreasing function of the level of served demand. This expresses the fact that customers value
the first units of energy serving critical loads (e.g. lighting) higher than additional units of

energy serving non-critical loads (e.g. WAs).

Although numerous works have considered the flexibility of time coupling technologies such

as EVs and WAs in the distribution network operation [31]-[40], they have mostly failed in
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quantifying their implications on the network planning. Additionally, rescheduling loads in
time affects customers’ quality of service through discomfort caused by deferred consumption.
This discomfort should be incorporated as part of customers’ valuation of supply, which

potentially can alter network planning and operation.

Finally, present distribution network charging schemes are based on the customer’s overall
energy consumption or capacity [41]. In the UK, according to the Distribution Connection and
Use of System Agreement (DCUSA) [42], DNOs charge consumers through total energy
consumption bill based on Distribution Use of System (DUoS) tariffs. This charging
mechanism enables DNOs to recover their allowed revenue to cover costs associated with
network maintenance, repair and replacement of network assets, and reinforcement of some
network assets. If these collected charges do not match the allowed revenue, the difference is
passed on to the next year. However, most of network upgrades are carried out to prevent
interruption of supply to customers, where their actual valuation of supply should be mainly
taken into account to recover those upgrade costs. Hence, the current charging methodologies
do not accurately reflect each customer’s contribution to the total network expenditure, as they
are based on the customer’s overall energy consumption and not on the supplied demand during
supply interruptions. In addition, as discussed, this methodology does not necessarily guarantee
the exact recovery of the allowed revenue, forcing DNOs to pass the difference to the next year

customers unfairly.

1.3  Scope and contributions
1.3.1 Thesis scope

This research proposes, analyses and tests novel models describing customers’ differentiated
supply valuation by reflecting costs imposed on them during network interruptions. The impact
of these models on distribution network operation and planning are then investigated. In other
words, the objective of this work is to develop a framework for distribution network planning

by:

-adopting a probabilistic approach based on Sequential Monte Carlo (SMC) simulations to

capture inherent random behaviours of network failures,
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-integrating differentiated valuation of supply per customers within the domestic sector and

quantifying its impact on distribution network incremental and Greenfield planning,

-integrating differentiated valuation per units of supplied energy and assessing its implications

on distribution network incremental and Greenfield planning,

-adopting a charging scheme that provides an equitable treatment of users, where those with a
higher reliability (less flexibility) experience a better service at the expense of higher network

charges as well as guaranteeing the full recovery of network costs for DNOs, and

-integrating consumers’ valuation of supply associated with rescheduling time-coupling
technologies including wet appliances and electric vehicles, and investigating the impact on

distribution network planning.

1.3.2 Thesis contributions

In the context of the discussions in Section 1.3.1, the original contributions of this thesis are
related to the development, analysis and assessments of appropriate models, methods, and case
studies that affect operation and planning of distribution networks from the reliability

standpoint. The thesis contributions are as follows:

-An optimisation problem based on SMC simulations is proposed to take into account the
random nature of failures in the network. Failures on both substation and feeder sections are
modelled for 1000 years under three reliability scenarios (each identified by a specific failure
rate and repair time for each asset). This optimisation also incorporates detailed models of
customers’ preferences, technical and operation requirements of different appliances, and the
network constraints. This problem facilitates quantifying the impact of proposed models and
techniques on network operation and design, where both incremental and Greenfield planning
are explored. Similar works [43]-[45] have also considered SMC techniques for distribution
network planning, where customer interruption costs are taken into account. These researches
have focused on assessing financial benefit of reinforcing specific network assets without
considering technical requirements of different technologies and appliances. In this work,
however, not only the technique is applied to decide the entire structure of the network, i.e.,
Greenfield planning, but it is also used to include detailed models of different appliances such

as WAs and EVs.
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-Modelling customers’ valuation of supply in domestic sector, where suitable models are
proposed to represent reliability differentiation. As discussed, the current planning practice in
the distribution network does not recognise actual customers’ reliability valuation. Instead, it
is assumed that all customers within a sector have the same fixed valuation measured by Value
of Lost Load (VoLL), which is an average value obtained through extensive surveys. This
assumption disregards the individual user’s requirements, preferences and perceptions
regarding energy use. To quantify implications of integrating this differentiation between
customers, five different classes of customers each characterised by a specific VoLL are
proposed. Results indicate that the network expenditure and customer interruption costs are
highly dependent on VoLL of customers with low reliability valuation. Therefore, if valuation
of these classes decreases, the network expenditure also declines. The changes are also evident
in planning decisions where more reinforcements can be postponed and lower redundancy

levels are required when there is higher disparity between these classes.

-Modelling differentiated valuation of supply per unit of supplied energy. This modelling
reflects the fact that customers do not value all units of supplied energy equally. This is in
contrast to the traditional reliability valuation, where all loads are assumed to have the same
value to customers. In reality, however, the first units of energy, serving critical loads such as
lighting and heating, are valued more than additional units of energy serving non-critical loads,
the operation of which can be cancelled or postponed, such as washing machines and
dishwashers. In this work, this differentiation has been reflected by customers’ marginal benefit
function, where it is reduced as the level of served demand increases. In another word, this
function specifies distribution of loads within a household from reliability point of view. To
obtain this function accurately, appropriate surveys and trial should be carried out, which is out
of the scope of this work. Instead, different candidates for the marginal benefit function are
proposed based on a generic quadratic formulation, each reflecting a specific distribution of
supply valuation over all units of energy. These functions are then employed in planning stage
to evaluate their impact on network upgrade and investment decisions. Results reveal that
customer interruption costs are reduced substantially compared to the traditional assumption
of uniform supply valuation, since supply interruption of the non-critical part of customers’
demand is prioritised during network failures, particularly for the function with considerable
level of low valued loads. Consequently, the need for capital-intensive network reinforcements

is limited and the total network expenditure is decreased. Additionally, in Greenfield planning,
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it is shown that the flexibility provided by modelling differentiated reliability can replace

network redundancy.

-A charging scheme based on Locational Marginal Pricing (LMP) is proposed in distribution
networks such that the entire allowed revenue of DNOs could be collected. In addition, this
structure provides an equitable treatment of users, where those with a higher reliability
experience a better service at the expense of higher network charges. The LMP is acquired
through the optimisation problem and is based on Lagrangian multipliers associated with power
balance constraint at each node of the network. In general, LMP has the advantage of reflecting
the cost that customers impose on network development and operation. Similar schemes are
widely used in literature [35], [46]-[48] and have also suggested for the distribution level [49]-
[51]. In this work, however, it is only employed during network failures to provide an equitable

treatment of users and incentivise reliability investments.

Although methods based on LMP send clear cost messages regarding timing and location of
future network upgrades, they do not necessarily recover the entire cost of those upgrades [46].
Full recovery is only possible if firstly, optimal network investment is planned and, secondly,
the investment cost does not include a fixed term. In case of under-investment (installing a
capacity less than the optimal level), the network charges collected through LMP are more than
the investment costs, since there are more contingency conditions in the network. In contrast,
in the case of over-investment (installing more capacity than optimal level), collected charges
are not adequate to reimburse the upgrade costs. Furthermore, there is typically a fixed cost
associated with installation of assets. This term is disregarded in the optimisation problem, and
consequently LMP does not reflect it. To address these issues, in this work, we have introduced
a constant factor in network charges deployed during network failures. This factor increases/
decreases the actual price of each node in the network proportional to LMP obtained from the
optimisation problem. The role of this factor is to ensure the full recovery of DNOs’ allowed
revenue. Assuming there is no fixed term, the value is lower than one for under-investment and

greater than one for over-investment conditions.

-Integrating specific operation of time-coupling technologies and their valuation of supply in
network planning. These technologies provide the opportunity for DNOs to redistribute energy
in time instead of reducing the demand. These technologies are widely employed in operation
of power systems [31]-[40], and have also considered specifically for outage management in

distribution network [52]-[56]. However, their implications on reliability planning are not
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quantified in the distribution network. Additionally, it is assumed that rescheduling these
technologies are only bound to some technical and user-defined restrictions, with no
consideration of discomfort imposed on customers. In this thesis, this discomfort is modelled
as a cost based on timing and amount of shifted loads. To examine these time-coupling loads,
WAs and EVs are considered due to their extent of use and projected high deployment,
respectively. To model customers’ valuation of WAs precisely, necessary surveys and trial on
customers should be undertaken, which is out of the scope of this work, as it constitutes a
significant research area by itself. Instead, in this work, we have proposed variety of candidates
for this cost to indicate their implications. The shifting cost is defined based on maximum
deferrable time that a user is willing to accept, where initiating the load after that time is
equivalent to losing that load. Different candidates for the cost function are proposed, each
reflecting different level of user flexibility. These functions are derived from a generic

quadratic function.

For EVs, rescheduling the charging/ discharging pattern mostly does not affect customers’
experience, assuming there is sufficient stored energy for travel requirements. This is a
reasonable considering the relative high capacity of batteries with respect to the travel
requirements. Additionally, the use of batteries as storage devices could affect their life cycle.
Nevertheless, the impact is negligible if this option is only taken advantage of during network
failures and not normal network operation times. Because of these two considerations, it is
assumed that consumers do not bear any cost due to exploiting EVs’ flexibility in this work.
Models proposed for both WAs and EVs are then incorporated in the optimisation problem to
quantify their impact on network upgrades and investment under different case studies. It is
shown that considering these time-coupling technologies could postpone network
reinforcements in incremental planning, and it could replace the network redundancy in

Greenfield planning.

1.4 Thesis outline
The remainder of this thesis is organised as follows:
Chapter 2 presents methodological framework and modelling tools that have been applied

throughout the thesis. This includes the method applied to generate failures randomly based on

SMC technique. The optimisation problem is laid out in this chapter, which determines the
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operation of the network during outages along with decisions related to network planning and
upgrades. The objective of this problem is the annual total expenditure including both customer
and network investment costs. This problem incorporates both network and customer
constraints. The proposed charging mechanism is provided afterward. This mechanism offers
rational treatment of customers, where individual users are charged accordingly to their self-
declared reliability. The topologies, parameters and operation of the examined network in
normal and failure conditions are further presented. Finally, to clarify the discussed framework

in practice, operation of the network during two different types of failure is investigated.

Chapter 3 proposes detailed models for representing valuation of supply for each customer
and each unit of supplied energy. These models are expressed by customers’ interruption cost,
where a high cost is associated to those customers/ units that have a high reliability value. These
models are then applied in various case studies to examine the extent of their impacts on

network operation and planning as well as customer charges.

Chapter 4 analyses potential demand flexibilities offered by wet appliances (including
dishwashers, washing machines, and tumble dryers). The discomfort imposed on customers
due to deferral in operation of these appliances are then quantified through shifting costs.
Different candidates for this cost are proposed. A complete modelling of wet appliances, which
considers shifting cost and technical operation constraints, are also stated. Based on this
modelling, different case studies are examined to evaluate the impact of WA flexibilities on

network decisions.

Chapter 5 assesses the potential benefits of EV flexibilities on the network operation and
design. To do so, first, demand flexibilities provided by EVs are introduced. A detailed model
of EVs’ operational characteristics are presented, where operation of EVs as inflexible, flexible
with/ without Vehicle-to-Grid (V2G) capability are taken into account. This model is applied
afterward to different case studies to value the potential impact of the flexibilities during

outages on the network.

Chapter 6 concludes findings of this thesis by reviewing the main contributions of this

research and revealing potential directions for further work.



Chapter 2
Methodological Framework and Modelling Tools

2.1 Introduction

This chapter lays out methodological framework and tools that are employed in this thesis.
First, the applied SMC technique to generate random failures on the network assets is discussed
in the following section, which includes processes and assumptions in generating first order
outages. Section 2.3 presents the generic formulation of the optimisation problem that has
employed in this thesis, which includes all technical and economic aspects of network and
customer constraints. The aims of network planning and operation are outlined in Section 2.4
and 2.5. This consists of different methods of network planning and their context in this thesis.
The proposed charging structure based on LMP is explored in Section 2.6. This scheme
provides a rational treatment of customers as well as guaranteeing the full recovery of allowed
revenue for DNOs. The topology and failure mechanism of the examined network is presented
in Section 2.7. The summary of assumptions related to case studies are provided in Section 2.8.

Finally, two illustrations of failures in the network are presented in Section 2.9.

2.2 Failure modelling

Most probabilistic approaches rely solely on average failure rate and repair time to represent
power system outages. Therefore, these approaches are unable to capture true random
behaviour of the network. Alternatively, stochastic methods based on SMC can more

accurately represent random network behaviours including contingencies and failures. Thus,
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Monte Carlo simulations have been extensively used in applications related to power network

reliability assessments [44], [56]-[57].

In modelling failures, the aim is to generate occurrence time and duration of failures for assets
under study. To do so, probability distribution functions (pdf) describing the failure occurrence
time and duration of the repair time of these assets should be determined. Exponential
distribution is considered most widely used pdf to represent outage times and repair times [45].

These two distributions can be identified, respectively, as

ffailure(t) = )‘fe_Aft7 (21)
frepair(t) = ie_u_ln (22)

where A;, u,. are an asset failure rate and Mean Time to Repair (MTTR), respectively. These

two parameters are employed to generate status of the substation and feeder sections of the
examined network for a specific period. Table 2.1 provides first 10 outages for an asset with

failure rate of 0.2 f/year and mean repair time of 5 days.

Table 2.1: Samples of generated failures based on a SMC method (in hours)

Order Start time | End time duration Order Start time | End time duration
1 46381 46534 154 6 220814 220878 65
2 47592 47782 191 7 330665 330694 30
3 56718 56735 18 8 344566 344600 35
4 86209 86402 194 9 368182 368374 193
5 195666 195811 146 10 411623 411742 120

Three reliability scenarios are considered in this thesis for the test network. Each of these
scenarios are characterised by a different combination of failure rate and repair time for the
transformers and feeder sections, as depicted in Table 2.2. These parameters are in line with
values considered in literature [45], [S8]-[60]. The simulation time reflects the accuracy of the
results but it is restricted by the available computational power (a server computer with 3.47
GHz processor and 192 GB RAM). To that end, failures under these scenarios for 1000 years
of simulation are generated using @RISK software by Palisade Corporation [61], and have

been applied in various case studies in following chapters. Moreover, only first order failures
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on all feeder sections and transformers are considered throughout this work. This means that

the probability of overlapping between two failures on two different assets is assumed zero.

Table 2.2: Characteristics of reliability scenarios examined in case studies

Reliability scenario Asset Failure rate Repair time
Transformer 0.2 f/year 5 days
Low
Feeder 0.2 f/year/km 10 hours
Transformer 0.2 f/year 1 day
Medium
Feeder 0.1 f/lyear/km 5 hours
Transformer 0.02 f/year 1 day
High
Feeder 0.05 f/year/km 3 hours

2.3 Distribution network planning formulation

The objective of distribution network planning is determining the optimal network
reinforcements/ investments by minimising the total network expenditure, given by the sum of
network investment costs and customer interruption costs. The customer interruption cost is
comprised of the inconvenience costs caused by curtailing and shifting appliances. In that
respect, demand can be divided into shiftable and non-shiftable loads, where the former can be
redistributed in time, while the latter can only be curtailed. The shiftable loads are deferrable
wet appliances and flexible EVs in the context of this work, where detailed models of them are
provided in Chapter 4 and 5, respectively. Applying AC power flow, the decision variables are
voltage magnitude and angles at each node of the network, each household supplied demand
level, decision variables related to operation of time-coupling technologies and investment
decisions related to each branch of the network. The solution should satisfy constraints
associated with household baseline demand limit, voltage magnitude restrictions, nodal active/
reactive power equalities and finally thermal limits of each branch. In light of this, the planning

procedure is formulated by the following optimisation problem:

Objective function: >, 1C,(u,) + 3) <Zi€[ ZfeF zteTf CIC; (4 VtSh)> (2.3)

Decision variables: 'V = [u,,Vb € B|U [pi?t, 4 VieELLVfeF,Vte Tf] U

[0, 4,0

n,t’ “n,t’

Vne N,Vfe FYteT] U [V*, VfeF,vteT] (2.4)
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Constraints:
0<p,<P,Vic,VfeFvteT, 2.5)
G = p;tan(cos  (pf;)) Vi€ LYf € F,vt €T}, (2.6)
v<wv,, <v,VneN,VfeFVieT,, 2.7)
(v, 8,) =32, (piy +p5t) =0,Yn € NVf e PVt e Ty, (2.8)
GV, 0,) = 32, (G, + @) =0,Yn € N.Vfe FVteTy, (2.9)
537 (v, 0,) < 5y (wy, By ,), Vb € B,Yf € F,Vt € T}, (2.10)
Sgitc('vta 9,) < S_b(ub, 5b¢>’ Vbe B,VfeF,Vte Ty, (2.11)
L(psh, gt V) <0, i € I,Vf € F, vt € T} 2.12)
Definitions:
P (Vg,04) = v, ZjeN vj7t(Gn’j,t cos(d,,, — (5j’t) + B, ;+5in(0,,; — 5j’t)), (2.13)
@, (vg,0,) = v, ngNUj,t(Gn,ji sin(d,, —0;,) — B,, ;,cos(6, , —d;,)), (2.14)
S5 (04, 8) =\ Py (0,8,) + Q37 (v,,0,), (2.15)
P (v, 0,) = =07y X Gy iy + v, X0, (G cos(8;, — 05 ) + By sin(0,, — 0,,)),
(2.16)
07 (v, 0,) = +vit X By, v, X vjyt(Gm’t sin(d; , — (5j7t) — B, cos(d; 4 — (5j’t)),
2.17)

where different parameters and variables are defined as,
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n € N:index and set of network nodes,

b € B: index and set of network branches,

f € F: index and set of network failures,

t: index of time periods,

T';: set of time periods starts by occurrence of failure f and finished Ts™ after the failure
1 € I: index and set of customers,

I, set of customers connected at node n,

P, ,: baseline active demand of non-shiftable loads of customer ¢ requested at normal operation
of the network

v, v: minimum and maximum allowable voltage magnitude,

3.+ integer parameter indicating the state(available capacity) of branch b at period ¢,
pf;: power factor of customer 1,

7: time duration of simulated failures in years,

G, ;. conductance of 7' j*" element of the bus admittance matrix at time period ¢,

B, ; ++ susceptance of ith jt" element of the bus admittance matrix at time period ¢,

uy,: variable expressing whether branch b is reinforced in incremental planning (u, = 1 if it is,
u, = 0 otherwise), or expressing the network security level in Greenfield planning

p; ¢ supplied active demand of non-shiftable loads of customer i at period ¢,
pfﬁ: supplied active demand of shiftable loads of customer ¢ at period ¢,

q; ++ supplied reactive demand of non-shiftable loads of customer : at period ¢,
qff;: supplied reactive demand of shiftable loads of customer i at period ¢,

v,: vector of voltage magnitudes v,, , at node n and period ¢,

d,: vector of voltage angles 9, , at node n and period ¢,

Vsh: vector of variables describing the operation of shiftable loads

IC,(-): annuitized reinforcement/investment cost of branch b,
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CIC; ,(+):cost of customer i at period ¢,
P;,.+(*): active power injection at node n and period ¢,

q;, +(*): reactive power injection at node n and period ¢,

Sen

sy (+): apparent power flow leaving the reference sending node on branch b and period ¢,

rec

syt (*): apparent power flow reaching the reference receiving node on branch b and period ¢,

S, (+): thermal capacity of branch b,

Py (+): active power flow leaving the reference sending node on branch b and period ¢,

Sen

5 (*): reactive power flow leaving the reference sending node on branch b and period ¢,

[, vector of local constraints of customer ¢ related to operation of shiftable loads.

The objective function (2.3) represents the annual network expenditure, given by the sum of the
annuitized investments costs and the expected annual customer interruption costs. The latter is
defined based on supply valuation of customers and includes both costs associated to curtailing
and shifting loads during network outages. The customer active power of non-shiftable loads is
limited to the requested baseline demand (demand level requested by the customer in normal
operation time), as presented in (2.5), and its reactive power is defined by (2.6), assuming that
each customer is characterised by a constant uncontrollable power factor. The voltage
magnitude should be retained in the statutory limits defined by network standards (2.7). The
power balance constraints are stated by (2.8)-(2.9), where net active and reactive powers can be
derived from (2.13)-(2.14). The apparent power flow in each end of the network branches is
subject to thermal constraints expressed by (2.10)-(2.11). The sending flow in each branch can
be derived from (2.16)-(2.17), assuming node ¢ is the reference sending and node j is the
reference receiving node of branch b. A similar formulation can be applied to calculate the

receiving power.

The aforementioned generic optimisation problem describes the operation and planning of the
network in general, where local constraints of non-shiftable part of demand are accounted for.
Since in chapter 3, only curtailment of the demand is modelled and not its ability to be
redistributed in time, the formulation (2.3)-(2.11) is sufficient to represent the problem.
However, in Chapter 4 and 5, the constraints describing operation of WAs and EVs, i.e.,

shiftable loads, are required to be incorporated in this formulation. Therefore, constraint (2.12)
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is provided here to represent those constraints. The details of these constraints are presented in

the Chapter 4 and 5.

As explained in Section 2.2, failures of each network asset for a period of 7 years are generated
by employing SMC simulations, given probability distributions for failure occurrence and repair
time corresponding to each asset. Only those time periods affected by failure f (ie. t €
Ty, V[ € F)are considered in the above optimisation problem. This is the periods that supplied
demand does not follow the normal operation of the network. Each of these periods starts with
occurrence of failure f and finishes T®™after the failure to cover all implications of the outage.
Selected value for T5™ depends on appliances that are modelled and the maximum time that
they can be deferred by. For example, for wet appliances, cycles that are deferred to times after
the failure should be considered. Details of these considerations are explained in each chapter

later. Periods that are ¢ ¢ T,V f € F' are considered normal operation times where no
interruption or shifting costs are incurred. The integer parameters (3, , determine the state of

each network branch at each of these periods, according to the generated failures. In the case of
substations, these parameters determine the number of transformers that operate normally, while

in the case of feeders, these parameters determine whether the feeder operates normally (5, , =

1) or experiences a failure (5, , = 0).

This problem is considered Mix Integer Nonlinear Programming (MINP) due to nonlinear terms
in the objective function and constraints as well as integer variables applied to model operation
of wet appliances in Chapter 4. The optimal distribution network planning problem (2.3)-(2.12)
is solved using the optimisation software FICO Xpress [62], where Successive Linear
Programming and Branch and Bound methods are applied to deal with MINP nature of the

problem.

2.4  Security level

The impact of demand flexibilities on network operation and planning depends on the network
security level. Security level indicates the level of redundancy in which the network is able to
supply the peak demand. For example, N-0 security level states that the network redundancy
level is just sufficient to accommodate the peak at normal operation times (when there is no

failures), while N-1 level is able to meet the peak completely even when one of the assets is out
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due to an outage. Alternatively, these security levels can be interpreted based on the level of
network redundancy with regard to demand, where in the notation N-y, y represents the
proportion of redundant capacity with respect to the peak demand during normal operating
conditions. This definition can be extended to y with real values. For instance for a network with
peak demand of 10 MW supplied through two transformers, N-0 , N-0.25, N-0.5, N-0.75 and
N-1 security levels state the capacity of 5 MW, 6.25 MW, 7.5 MW, 8.75 MW and 10 MW for

each of those two transformers.

2.5 Investigated studies

Flexibility options, customers’ ability to shift or curtailed demand, can contribute on both
operation and planning of power systems. For operation, these options reduce operational cost
of networks including cost of generation and interruption. For planning they can affect both
incremental and Greenfield studies. The former deals with optimal network reinforcement and
upgrades, while, in the latter, the optimal capacity of assets, for first time installation, is
explored. To that end, three categories of studies are adopted in this work, in order to assess
impact of different types of flexibilities and parameters. The detailed structure of these studies

arc:

e Existing network: in this set of studies, the impact of demand flexibility on operation cost of
the distribution network is considered, where the annual customer cost is analysed when no
reinforcement or planning is carried out. Hence, the investment cost is not taken into the
account in the problem formulation. The studies are presented under four different security
levels (network capacity level) to capture the effects of demand flexibilities with respect to
the redundancy level. These levels are N-0, N-0.25, N-0.5 and N-0.75. Since only first order
outages are considered in this work, in N-1 level, no interruption of customer supply is

occurred. Therefore, the maximum redundancy level of N-0.75 is considered.

e Incremental planning: in these studies, the aim is to decide which network asset should be
upgraded in order to minimise the total network expenditure. Therefore, in the problem
formulation both interruption cost and asset reinforcement costs are considered. The 33/11
kV substation and 11 kV feeder sections are subject of the incremental planning in this thesis.
The substation is assumed to be reinforced by adding a third transformer of the same size as

the existing ones. Feeders can be reinforced by replacing all sections with cables of double
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size. It should be noted that in reality, there are more methods to upgrades these assets. For
example, transformers can be replaced by transformers with a larger size or the feeder can be
connected to another supply point in the network. However, to avoid over complication of the
problem, only one of these options for each asset is considered. The investment cost of these
assets are presented in Table 2.3. The feeder investment is stated as a fixed cost, since the cost
of Under-Ground (UG) cables is considerably lower than that of their installation. Moreover,
the effect of flexibility on reinforcement decisions depends on the current redundancy level
of the network. To address this, incremental planning studies are investigated for the same
four different security levels that are used in existing network studies.

Assessing which network upgrades should be agreed, depends on the valuation of the network
reliability, where a higher VoLL justifies more reinforcements to avoid the higher interruption
costs. However, different studies have recommended values with significant difference.
Therefore, in most incremental studies, firstly, the minimum VoLL that justify either the
substation or the feeder upgrades is presented. This value indicates the level of the network
resilience towards failures, where a higher value specifies a higher network reliability.
Secondly, the reinforcement decisions for the benchmark value of £16.94/kWh, as estimated
by a recent report by London Economics [63], are provided to assess the impact of a certain

flexibility on the network expenditure.

e Greenfield planning: demand flexibility can play the same role as the network redundancy if
the security standards are revised to consider their contributions. Therefore, it is expected that
the high participation of demand flexibility reduces the requirement level of network
redundancy. To evaluate the extent of this impact, in the planning problem, optimal
redundancy level of the network is set as the objective. This optimal level guarantees the
minimal network expenditure, including investment and interruption costs. The former is
comprised of the substation and feeder costs at the optimal security level. For the substation,
two transformers with same size are considered, while for feeders, it is assumed that all
sections have the same size. The security level is optimised based on four different possible
levels, N-0, N-0.25, N-0.5 and N-0.75, where each shows the level of redundancy in respect

to the network peak demand. The investment costs in this case is also presented in Table 2.3.
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Table 2.3: Investment costs

Transformers Feeder sections

£10,000/MVA/year £1,000/km/year

2.6 Distribution network charging scheme

Under traditional DUoS charging schemes, each customer is charged based on a fixed charge
(per day) and possibly a unit charge (per total kWh consumed) and/or a capacity charge (per
kVA) [41]. Due to lack of observability, this charging approach does not accurately reflect each
customer’s contribution to the total network expenditure carried out for reliability purposes,
since it does not explicitly account for the supplied demand during failure conditions. This
means that there is currently no mechanism to charge customers based on their security of
supply. In the UK, based on DCUSA [42] , DNOs charge consumers by total energy
consumption bill. This charging mechanism enables DNOs to recover their allowed revenue to
cover costs associated with network maintenance, repair and replacement of network assets, and
reinforcement of some network assets. In case these collected charges do not match the allowed

revenue, the difference is then passed on to the next year.

In this section, instead of traditional pricing, we propose a cost-reflective charging approach
based on the principles of LMP that guaranteed the exact recovery of the investment costs. The
values of the Lagrangian multipliers )\, ; associated with the nodal active power balance
constraints (2.8) at the optimal solution of problem (2.3)-(2.12) is employed to generate the
nodal power prices for each node and time period. Each of these values represents the marginal
contribution to the total network expenditure (2.3) brought by an increase of the customers’
demand by one unit at node n and time period ¢. Nonetheless, applying these values directly as
prices does not necessarily recover the network investment costs; full recovery is attainable only
if optimal network investment is planned and the investment cost does not include a fixed term
[46]. In case of under-investment (installing a capacity less than the optimal level), the network
charges collected through LMP are more than the investment costs, since there are more
contingency conditions in the network. In contrast, in over-investment conditions (installing
more capacity than the optimal level), collected charges are not adequate to compensate the
upgrade costs. Moreover, fixed cost terms are ignored in the optimisation problem, and

consequently LMP do not reflect them. As a result, we have introduced a constant factor R in
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network charges deployed during network failures. This factor increases/ decreases the actual
price of each node in the network proportional to LMP obtained from the optimisation problem.
The role of this factor is to ensure the full recovery of DNOs’ allowed revenue. Assuming there
is no fixed term, the value is lower than one for under-investment and greater than one for over-

ivestment conditions.

NC; = QX jep X, (B X Ay X (pig +01)), (2.18)

where value R is obtained based on DNOs’ allowed revenue:

_ Allowed Revenue
k= (%)ZfEFZteTf(An,tX(Pi,terffZ)) (219)

2.7  Test network

To examine the implications of the proposed distribution network planning and charging
framework, a generic UK HV distribution network is chosen, which is composed of a primary
substation with two 33/11kV transformers, and two 11kV UG cable feeders with the length of
each feeder section assumed 1km (Figure 2.1). Under normal operation conditions, the network
operates with a radial configuration. If a failure occurs at one of the feeders, the circuit breaker
of the faulty section acts to break fault current that supplies load points. After isolating the
fault, the Normally Open Switch (NOS) is closed to provide alternative infeed. However,
required time to clear faults and to perform switching are relatively short compared to the
outage durations [45]. Thus, we have assumed zero switching time to avoid unnecessary
complication in the modelling.

Primary FIL1
(33kV/11kV)
T1 Feeder 1 F1DTI1

F1L2 F1L3 F1L4 F1L5

F1 DT2 F1 DT3 F1 DT4 F1 DTS

z O

oS

X
T2 Feeder 2

F2 DTS5

F2 DT1 % F2 DT2 F2 DT3 F2 DT4

F2 L1

O

F2L2 F2 L3 F2 L4 F2 LS

Figure 2.1: A generic HV network system
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Table 2.4 provides the impedance of transformers and feeder sections. The impedances of all
lines are assumed equal. The same values are also considered for different security levels, asset
capacities, in order to focus only on implication of capacity shortage in the network. However,
in reality in contrast to impedance, there is a noticeable change in a cable resistance when its
capacity changes. Although this change in resistance value does not affect the curtailments
caused by capacity shortage, it has a slight impact on those resulting from voltage constraints.
Furthermore, the impact of the change in resistance on network losses is more evident, which

is out of scope of this work.

Table 2.4: Impedance of the network assets in the examined network

Assets Resistance Inductance
Transformers 0 1.73 (Ohm)
Feeder sections 0.398 (Ohm/km) 0.1 (Ohm/km)

The network includes 10000 households with a total peak demand of 9.9 MW equally divided
between the ten load points, as shown in Figure 2.2. The household demand shape follows
average group demand reported in [64], based on measurements in Low Carbon London project
[12]. The households are assumed to exhibit the same daily demand profile, and a power factor

equal to 0.9.

The voltage should be maintained in the limit, = 6% of nominal value in the UK, for all network
11 kV nodes. The substation taps enable real time voltage regulation in the range of +10% of
the nominal value. The tap changers are on the primary side of the substation, and are modelled
into the network susceptance and conductance matrices. The modelling is based on [65] and is

presented in Appendix A.
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Figure 2.2: Daily demand profile of the test network

Furthermore, as discussed in Section 2.3, throughout this work and in each case study, four
different scenarios are considered regarding the level of network security (N-0, N-0.25, N-0.5
and N-0.75). For the demand level of Figure 2.2, capacity of the substation, i.e., two

transformers, and feeder sections under these security levels are expressed in Table 2.5.

Table 2.5: Examined network security levels

Security scenario Substation Feeders
N-0 2 X 6 MVA 5.8 MVA
N-0.25 2 X 7.25 MVA 7.25 MVA
N-0.5 2 x 9 MVA 8.7 MVA
N-0.75 2 x 10.5 MVA 10.15 MVA

2.8 Assumptions

In light of the previous discussions in this chapter, following assumptions regarding case

studies have been made in this work:

e Only first order outages are considered. Therefore, probability of overlapping between

failures on two different assets is zero.
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e Switching time is assumed zero.

e Only failures on the primary substation and 11kV feeder sections are accounted for.

e Primary substation and 11kV feeder sections are subject of the network planning.

e All households have the same demand profile. This assumption makes comparison
between different reliability classes of customers probable.

e The substation can be reinforced by adding a third transformer with the same size as
the existing ones.

e The feeder sections can be reinforced by doubling the size of cables.

e In Greenfield planning, the optimal security level is selected between four different

levels of N-0, N-0.25, N-0.5 and N-0.75.

2.9 Failure Study

In this section, the results of two failure analyses on the Medium reliable network with security
level of N-0 are demonstrated to express network operation during an outage. The

characteristics of these two failures are presented in Table 2.6.

Table 2.6: Characteristics of the examined failures

Failed Asset Available capacity | Failure start Repair time
Transformer 6 MVA 64771 hour 20 hours
Feeder 2, Section 3 5.8 MVA 8374 hour 16 hours

2.9.1 Substation failure

This outage occurs at hour 64771 equivalent to year 18%, day 149", hour 19™, and lasts for 20
hours. The simulation runs from five hours before until five hours after the failure; the first
hour of the simulation is marked as the first time step. As a result, the outage starts from step

6t of the simulation until 25,
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Figure 2.3: Sending and receiving power flow on the substation branch at the substation failure

As the failure occurs on one of the transformers, the flow on this branch of the network becomes
limited to the capacity provided by N-0 security level (6 MVA). The flows on both side of the

branch are presented in Figure 2.3.
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Figure 2.4: Baseline and supplied demand at the substation failure

Figure 2.4 illustrates the baseline and supplied demand during the simulation time. The
maximum possible demand to meet through the failure times is 5.8 MW, restricted by the
substation branch flow. This demand level corresponds to 6.5 MVA of apparent power. The
network is able to accommodate more demand (in MVA) than the capacity of the substation.

This is possible due to the tap changer ability in manipulating the flow, by varying the network
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admittance matrix in real time.

2.9.2 Feeder failure

This failure takes place at hour 8374, corresponding to the first year, day 349" hour 22", and
lasts for 16 hours. The fault is located on the third section of the second feeder, between load
point 2 and 3, as depicted in Figure 2.5. Simulation time steps are marked similar to the

previous failure, where the outage is from time step 6 to 20.

Primary FI1L1 F1 L2 F1L3 F1L4 F1L5
(33kV/11kV)
T1 Feeder 1 F1DT1 F1DT2 F1 DT3 F1 DT4 F1 DT5
AVAN AN \ \
/NN N\ N\ N\
2 Feeder 2
% F2DT1 % F2DT2 % F2DT3 % F2DT4 i F2DT5
F2L1 F2 L2 F2L3 F2 L4 F2 L5

Figure 2.5: Network configuration during the feeder failure

When the outage occurs, the network is reconfigured by closing the NOS to supply cut off load
points on the second feeder. However, this act cannot supply the entire demand as the flow of
all sections are restricted by their thermal constraints. Back feeding the second feeder, puts all
sections on the first feeder under stress, specially the first section as demand of most load points
on the second feeder, excluding the first two, needs to flow through this branch. The flows on
both end of this line are presented in Figure 2.6. The graph indicates the stress on this line
between periods 15 to 19, where the flow is equal to the line capacity (5.8 MVA). Because of
this constraint, the demand needs to be curtailed, as shown in Figure 2.7. This graph indicates
a slight demand curbing during this period. It is worth mentioning that since the peak demand

times are out of the outage duration, the entire demand of those time periods are met.
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Figure 2.6: Sending and receiving power flow on the first section of feeder 1 at the feeder failure
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Figure 2.7: Baseline and supplied demand at the feeder failure

2.10 Conclusions

Methodological framework and tools that are employed in this thesis are provided in this
chapter. This includes the applied SMC technique to generate random failures on the network
assets, the generic formulation of the optimisation problem describing operation and planning

of the network, and the proposed charging structure that provides a rational treatment of
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customers and guarantees the full recovery of the allowed revenue. Furthermore, the topology
and failure mechanism of the examined network is presented in this chapter in addition to a

summary of assumptions applied in case studies.



Chapter 3
Integrating Customers’ Differentiated Supply Valuation

3.1 Introduction

As discussed in Chapter 1, the network planners currently make the assumption of uniform
supply valuation for every customer of the same sector and every unit of supplied energy. This
assumption disregards special individual requirements, preferences and perceptions of users

regarding the energy consumption.

The main rationale behind the above shortcomings of the current distribution planning and
charging framework is the lack of observability of customers’ supply valuation and the lack of
real-time controllability of their demand. However, the emerging smart grid paradigm and the
envisaged roll-out of smart metering [66] provides a unique opportunity for customers to
communicate their individual supply valuation to the DNOs and the latter to automatically

coordinate the customers’ demand and charge them accordingly.

Building on this opportunity, this chapter explores the impact of integrating the differentiated
valuation of electricity supply for different customers and levels of supplied energy in
distribution network planning. The proposed models in Section 3.2 can capture both reliability
differentiations. It should be noted that these models do not necessarily reflect the reality of
customers’ supply valuation. To acquire accurate data regarding actual valuations,
comprehensive surveys, interviews and trials should be undertaken, which are out of scope of
this work. Nevertheless, the proposed models reveal the potential advantages of considering
these reliability differentiations. The assumptions related to case studies are laid out in Section

3.3. Impact of the proposed models of differentiated supply valuation is quantified in Section
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3.4, through three different case studies. Moreover, in Section 3.5, customers’ charges

according to the suggested scheme are provided.

3.2 Modelling customers’ differentiated supply valuation

The valuation of electricity supply by customers can be generally expressed in the form of a
marginal benefit or willingness to pay function, which expresses the marginal value the
customers place on an additional unit of supplied demand (y-axis) as a function of the level of
supplied demand (x-axis). As mentioned previously, under the traditional distribution network
planning framework, this function is assumed constant and equal to a value known as Value of
Lost Load, regardless of demand supplied level. Additionally, this VoLL is assumed identical
for all customers of the same sector (e.g. residential, commercial and industrial). Different
studies have used different values for each sector of customers accordingly to the survey that

they have taken into account [15]-[18], [24].

To quantify the impact of differentiated reliability between both customers and units of
supplied energy on network operation and planning, four cases of a, b, ¢ and d are introduced
in this section. Case a represents the current valuation of supply where there is no
differentiation between customers and unit of supplied energy. Case b models only
differentiation between customers by defining five reliability classes. Case ¢ describes the
differentiated valuation of supply for supplied units where three candidates are proposed. Both

type of differentiation are finally characterised in Case d.

3.2.1 Case a: no differentiation

Marginal benefit for each customer sector under the traditional planning framework is depicted
in Figure 3.1, where the intercept a is equal to the benchmark VoLL as estimated by relevant
surveys [63] and P, is assumed equal to the baseline demand, i.e., the level of supplied

demand under normal operating conditions. If during a network failure the level of supplied

demand is reduced to a lower value p,,, then each customer experiences interruption cost

which is equal to the shaded area in Figure 3.1 and given by:

CICi,t(pi,t> = a(Pi,t _pi,t) (3.1
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Figure 3.1: Case a: representations of customers’ supply valuation with no differentiation

3.2.2 Case b: differentiation between customers

A constant and identical supply valuation for all customers within a sector not only means that
they all value their supply the same, but also indicates that they value all of the served load
identically. For example, accordingly to Figure 3.1 and (3.1), the first and last unit of supplied

energy have the same marginal benefit, equal to a, to a customer.
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Figure 3.2: Case b: representation of customers’ supply valuation with the customer differentiation

In reality, however, the supply valuation does not vary only among different customer sectors,
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but also among different individual customers, due to their special requirements, preferences
and perceptions. Users can be divided to different classes based on their valuation of the supply,
where all customers of one class share the same marginal benefit function. A simple way of
modelling these classes is to assign a specific level of supply valuation to each group. An
illustrative example of this differentiation for five classes of customers is given in Figure 3.2;
the VoLL of five different customers of the same sector, from customers with the lowest
valuation to the highest ones, varies between a; and a;. The interruption cost here depends on

the user group as well as the level of served demand and is expressed by:

CICi,t(pi,t) = ai<Pi,t - pi7t) (3.2)

3.2.3 Case c: differentiation between supplied units of energy

According to microeconomic principles, the marginal benefit is not actually constant, but is
reduced as the level of served demand increases. This concept expresses the fact that customers
do not value every unit of supplied energy identically. The first units of energy, serving critical
loads such as lighting and the broadband router, are valued more than additional units of energy
serving non-critical loads, such as washing machines and dishwashers, the operation of which
can be avoided. This provides an opportunity for customers to keep their essential appliances

on, whereas their less important ones can be curtailed to avoid extra charges in failure times.

In the simplest form, this decreasing nature of supply valuation can be expressed through a
linear decreasing function illustrated in Figure 3.3; where ~ represents the value of the first
supplied unit of energy. If during a network failure the level of supplied demand is reduced to

D; 4> then each customer experiences curtailment cost equal to the shaded area below the curve

in Figure 3.3:
CICi,t<pi,t> = #m X <Pi,t _pi,t)2 (3.3)
The average supply valuation across the customer’s demand range [0, Pi,t] is given by:

1 Pi,
ol o (Pue = Pie) dpie = 5 (3.4)

Retaining the same average as the benchmark vale a requires the value of v being equal to 2a.
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Figure 3.3: Case c: representation of customers’ supply valuation with the unit differentiation

The shape of the marginal benefit function denotes how much a customer values each energy
unit of its baseline. For example, in Figure 3.1, all units have the same reliability value, equal
to a, representing a customer that does not differentiate its served kWh at all. Alternatively, in
the line trend of Figure 3.3, units are valued differently, while the distribution of loads, from
reliability point of view, is even with respect to the average, i.e., energy units valued above the
average are equal to those below. However, the actual shape of the marginal benefit function
could be more complex in reality, depending on the customers’ specific preferences and
perceptions. In order to capture some of this complexity, a more generic quadratic form of the

marginal benefit function is proposed:

MBi,t(pi,t) = Utpi,t2 T PeDi e TV (3.5)

Different sets of values for the parameters o,, p, and ~, result in different shapes for this
function, expressing different customers’ supply valuation characteristics. The red curve in
Figure 3.4, for example, corresponds to customers who perceive the largest amount of their
energy demand as non-critical or differentiate more significantly the value of their critical and
non-critical loads (referred to as customers with Aigh flexibility in the remainder). On the other
hand, the blue curve corresponds to customers who perceive the largest amount of their energy
demand as critical or differentiate the value of their critical and non-critical loads less (referred

to as customers with low flexibility in the remainder). In this context, the black (linear) curve
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corresponds to customers with medium flexibility.

Marginal benefit (£/kW)
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Figure 3.4: Case c: representation of customers’ supply valuation with unit differentiation (according to data

provided by Table 3.1)

To determine o,, p, and -y,, parameters describing curves in Figure 3.4, constrains related to
the marginal benefit function should be satisfied. First, an extra supplied unit of energy beyond
the baseline demand has zero benefit to the customer. This requires a zero value for marginal

benefit once the entire baseline is met:

MBi,t(Pi,t) = UtPi,tQ + Pth',t +7,=0,Vt (3.6)

The benefit is always non-negative by definition (3.5). Furthermore, as supplied share of the
baseline demand increases, the marginal benefit decrease; first served units of energy are more
critical to consumers than later served units. As a result, the trend should be decreasing in

demand range of [0, P, ,].

MBz‘,t(pi,t) >0,Vt (3.7)
dMB, ,
it (pis) =204p; +p, <0, Vt (3.8)

While the mean value is subject to consumers’ valuation, for comparison purposes, the same

average as the benchmark value a is deployed here:
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Pj,t j(;Pi,t MBijt(pm)dpi’t =aq (3.9)

These constraints, (3.6)-(3.9), determine the range of acceptable values for parameters o,, p,

and ~,. By substituting -y, from (3.6) into (3.9), p, is obtained as:

6a+4o, P?,

Pr=""3pm,, (3.10)
Replacing p, from (3.10) in (3.6) determines the value of ,:
v, = —6a — 5UtPi2,t (3.11)

By substituting (3.10)-(3.11) into (3.7)-(3.8), respectively, we get

th—f—;’fgt, Vo, >0 (3.12)
o, > —4}6)—%, Vo, <0 (3.13)

Considering (3.12)-(3.13), the maximum and minimum attainable o, are used to describe the
high flexibility and low flexibility curves, while ¢ is used for medium flexibility, as shown in
Table 3.1. It is also worth highlighting that in these cases, the marginal benefit of the first
supplied unit of energy, i.e., 7,, is time-independent. In addition, interruption costs, i.e., loss of
benefit, can be calculated based on the area below the marginal benefit, which corresponds to

the curtailed demand level, forming a cubic cost function:
CICi,t<pi,t) = % (Pi?,)t _p?,t) + % (PiZ,t - pzz,t) + %(Pi,t - pi,t> (3.14)

Table 3.1: Describing parameters of the quadratic benefit function

Marginal benefit function o, Py i
high flexibility (™) 30/P?, | —6a/P, 34
medium flexibility (o°) 0 —2a/P,, 2,

low flexibility (c™™) —1.5a/P?, 0 1.5a
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3.2.4 Case d: differentiation for both customers and supplied units of energy

In Case b, DNOs are only able to serve or shed customers entirely, based on their valuation of
supply. However, as discussed in Case c, individual customers also have preferences between
different appliances. Recognising both differentiations allows DNOs to maintain the critical
loads of customers with lower supply valuation, while those with higher valuation are supplied
with broader range of appliances. An illustrative example of where both differentiations are
taken into account is given in Figure 3.5, where the supply valuation for five different customer
classes of the same sector is captured by a different linear function. The average supply

valuation across all customers and their demand range [0, P, ;] remains equal to the benchmark

value a.

Marginal benefit (£/kW)
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2as5 .
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2 High = -
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9 SRR
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Figure 3.5: Case d: representation of customers’ supply valuation with both customer and unit of supplied
energy differentiations

3.3 Implementation considerations

The network under study, as depicted in Figure 2.1, consists of a substation with two 33/11 kV
transformers, two feeders with 5 load points each and a normally open switch which is closed
in failure events. The assumptions related to failure clearance procedure are expressed in details

in Section 2.2. Furthermore, the network peak demand is 9.9 MW as illustrated in Figure 2.2.

Planning of the network is examined according to both incremental and Greenfield approaches.
In incremental one, network reinforcement is investigated under four different assumptions for

the network security level (N-0, N-0.25, N-0.5 and N-0.75), as described in Section 2.4. In this
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method, the aim is to find in which VoLL reinforcements are required for a fixed demand level.

This help to understand the impact of VoLL on planning decisions.

In Greenfield planning, however, the initial design of the network is under examination, where
the optimal security of the network, capacity of the substation and feeder sections, should be
decided. In this case, the investment cost is comprised of cost of two transformers and feeder

sections, represented by the same costs as the incremental one, expressed by Table 2.3.

All case studies are carried out under three different reliability scenarios, each characterised by
specific failure rate and repair time for each asses’ type. These scenarios are provided in Section

24.

3.4 Case studies

To examine the impact of different representation of customers’ supply valuation, three case
studies are presented in this section, according to Figures 3.1 to 3.5 and the discussion in
Section 3.2. In the first study, the effect of different deviations between customers’ supply
valuation in Case b, Figure 3.2, is investigated. These deviations are presented in Table 3.2.
Different forms of marginal benefit function based on Case ¢, depicted in Figure 3.4, are
examined in the second study, and in the last one, different representation of Case a, b, ¢ and
d are compared. It is worth noting that since Case b and Case c reflect two different types of
differentiation, and there is no common notion between them, their comparison is not covered

in the discussions.

In all of these studies, Case a is taken into account as the benchmark, as it reflects the current
practice in the distribution network planning. The annual network interruption cost in all
reliability and security levels of this case is provided in Figure 3.6. As expected, a higher level
of redundancy, i.e., security level, as well as a higher reliability scenario (lower failure rate and

repair time) lead to a lower annual interruption cost.

Figure 3.7 shows the annual network expenditure, where optimal reinforcement decisions in
the network are undertaken. These expenses include both interruption costs and reinforcement
costs, expressed by (2.3). In N-0O security level, both substation and feeders should be
reinforced. These reinforcements prevent any supply interruptions for customers, leading to

zero interruption costs. Therefore, in N-0 level, the expenses for all reliability scenarios are
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equal to the upgrade cost. In N-0.25 level, in Low and Medium reliable networks, both
upgrades are also needed. However, as the required substation capacity is higher compared to
N-0, the expenses are also higher. The same argument is also valid for Low reliable network
and N-0.5 level. For most scenarios, one or both reinforcements can be delayed. The details of

these decisions are presented further in the case studies.
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Figure 3.6: Annual interruption cost in benchmark Case a
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Figure 3.7: Annual network expenditure in benchmark Case a
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3.4.1 Case study I: deviation of customers’ supply valuation

Most surveys and studies on customers’ valuation of the supply have focused on the average
value of each sector of customers. However, deviation of these values from the average can
potentially alter operation and investment decisions. For example, in Case b, as a failure
happens, customers with higher reliability curtail only when all loads associated with lower
classes have already shed completely. As a result, the valuation of the supply in these low
reliable classes has a direct impact on the network interruption costs and reinforcement
decisions. To assess this impact, four different range of deviations in Case b are investigated.
As reported in Table 3.2, all of these cases have the same average value of £16.94/kWh, while
their ranges change from 0% to 90% of the mean; the deviation of zero is the same case as

benchmark Case a.

Table 3.2: Different deviations of the supply valuation between customer classes in Case b (£/kWh)

Customer Class 0% deviation 10% deviation 50% deviation 90% deviation

Lowest 16.94 15.25 8.47 1.69

Low 16.94 16.09 12.70 9.32

Medium 16.94 16.94 16.94 16.94

High 16.94 17.79 21.17 24.56

Highest 16.94 18.63 25.41 32.19
Existing network:

Reductions in the annual interruption costs with respect to Case a are presented in Figures 3.8
to 3.10, when no reinforcement is done. As the deviation increases from 0% to 90%, the total
interruption cost decreases in all reliability scenarios. Comparing 10% and 90% deviation
scenarios, a substantial difference between them is noticeable, almost 10 times more reduction
in 90% deviation. These declines are directly linked with the supply valuation of the customers
in Lowest and Low classes. For example, this value for Lowest customer in 10% scenario is
almost 10 times more than 90% deviation, i.e., 15.25 to 1.69 £/kWh. This confirms that
customers’ supply valuation in lower reliability groups has direct effect on the interruption
costs. This can also be observed by the fact that reduction in 50% deviation is numerically

placed between 10% and 90% scenarios.
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Figure 3.8: Expected reduction in annual interruption costs for different deviation ranges in High reliable
network
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Figure 3.9: Expected reduction in annual interruption costs for different deviation ranges in Medium reliable
network
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Figure 3.10: Expected reduction in annual interruption costs for different deviation ranges in Low reliable
network

The amount of savings provided by these deviation levels is more considerable when the
network reliability and security level are low, due to their extent of the curtailments. For
example, the highest reduction is provided by 90% deviation scenario in Low reliable network
and N-0 level, which is £864 thousand, whereas the least is achieved by 10% deviation in High
reliable network and N-0.75 security level, i.e., £170.

Incremental planning:

Table 3.3 shows the minimum VoLL required to justify the network upgrades under different
reliability scenarios and security levels. The interruption costs coincide with the reinforcement
costs in this value. As expected, Low reliable network requires considerably lower VoLL to
undertake the network upgrades with respect to Medium and High reliable networks. This is
due to the extent of the interruption costs imposed by this scenario’s high failure rate and long

repair time.

A low security level is also obligated DNOs to reinforce the network for an insignificant
reliability valuation; where the least VoLL is in N-0 level, while the highest is in N-0.75. This

is expected because of the large load curtailment in low redundancy levels.

It is also worth noting N-0.75 level in all reliability scenarios, where there is no need to upgrade
the substation for all deviation scenarios. In this level and during substation outages, the peak
demand, in MV, is greater than available capacity when the tap changer remains at 1:1 per

unit position. However, by adjusting the tap changer, curtailments caused by the thermal
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constraint of the substation branch can be avoided. As a result, there is no interruption cost due
to the substation failures in N-0.75 security level. The only change in decisions or expenditure
here is related to the feeders. Furthermore, in both N-0.5 and N-0.75 levels, the minimum VoLL
for feeder upgrades is the same. This is due to the fact that load are curtailed in these levels to
retain the voltage in the acceptable range, and not due to capacity shortage. Hence, higher
capacity offered in N-0.75 level does not reduce the load curtailment. These finding are

consistent in all case studies in this chapter.

Table 3.3: Minimum VoLL to justify reinforcement of the substation and feeder sections for different

deviation ranges (in £/kWh)

Reliability | Security Substation Feeder
scenario level 0% 10% 50% 90% 0% 10% 50% 90%
dev. dev. dev. dev. dev. dev. dev. dev.
N-0 12.1 13.0 20.4 473 9.2 9.8 15.1 34.0
Hioh N-0.25 35.2 38.3 65.0 216.0 21.1 22.6 36.4 96.2
i
& N-0.5 134.5 148.5 267.4 963.8 37.3 38.7 54.2 128.8
N-0.75 NaN NaN NaN NaN 373 38.7 54.2 117.5
N-0 5.7 6.2 9.8 22.8 2.4 2.5 39 8.6
N-0.25 17.1 18.6 31.5 104.6 5.3 5.6 9.0 23.8
Medium
N-0.5 65.2 71.9 129.5 649.0 9.2 9.6 134 31.6
N-0.75 NaN NaN NaN NaN 9.2 9.6 13.4 31.6
N-0 1.1 1.2 1.9 4.5 0.6 0.7 1.0 2.2
N-0.25 33 3.6 6.2 204 1.3 14 2.2 5.8
Low
N-0.5 12.7 14.1 253 126.8 2.2 2.3 32 7.5
N-0.75 NaN NaN NaN NaN 2.2 2.3 32 7.5

Regarding different deviation scenarios in Table 3.3, as deviation level increases the minimum
VoLL rises. This rise is more considerable in a high security level, where applying 90%
scenario could increase the minimum VoLL significantly (expect for the substation in N-0.75).
However, in a low security level, the additional flexibility offered by low reliable customers
might only cause a slight change in the reinforcement requirements. This is due to the
substantial interruption cost, even for insignificant VoLLs, with respect to the reinforcement

costs in these scenarios.

To assess which network upgrades should be agreed to for the benchmark value of
£16.94/kWh, this value should be compared to results presented in Table 3.3. If the value is
greater than the minimum VoLL, the investment should then be carried out. These upgrades

are presented in Table 3.4, where required reinforcements are indicated with dark red cells. The
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network expenditure for these scenarios is also illustrated in Figure 3.11.

Table 3.4: Reinforcement decisions for different deviation ranges when VoLL=£16.94/kWh

(“S”=substation, “F’=Feeder)

Reliability Security 0% 10% 50% 90%
scenario level deviation deviation deviation deviation
N-0.25 S | F S | F S ! F S F
High Z Z : :
N-0.5 S i F | S F | S F | S |F
N-0.75 S | F S | F S | F S | F
S !
Medium
S
S
Low

In the extreme case of Low reliable network and N-0 security, increase in deviation level does
not alter reinforcement decisions and total network expenditure (see Table 3.4 and Figure 3.11).
This is caused by the considerable interruption cost of the existing network in all deviations.
Upgrading both substation and feeders in such cases guarantees meeting demand in all failures,
leading to zero interruption cost. These reinforcements obsolete the impact of the demand
flexibility, in term of higher deviation, in reducing the expenditure. In contrast, in High reliable
network and all security levels except N-0, no reinforcement is required, regardless of how
disperse the valuation of supply is. This happens as the interruption costs in these scenarios are
not sufficiently high to justify the investment costs. Nevertheless, a higher deviation decreases

the expenditure owing to lower interruption costs in these cases.

Aside from aforementioned extreme cases, a higher disparity in supply valuation among users
may alter both reinforcement decisions and network expenditure. For example, for High
reliable network and N-0 scenario, 0% and 10% deviations require reinforcing both substation
and feeders. However, in 50% deviation, the substation investment can be postponed. Likewise,

the deviation of 90% delays both investments, in addition to offering the most reduction in the
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Figure 3.11: Annual network expenditure for different deviation ranges when VoLL=£16.94/kWh
Greenfield planning:

Optimal security level of the network for both substation and feeder sections, under all
reliability scenarios is depicted in Table 3.5. The optimal level has the lowest network
expenditure, derived from (2.3), between all possible security designs. In all scenarios, a higher
deviation of supply valuation leads to a lower optimal security design. Taking Low reliable
network as an example, in the benchmark case, the optimal design is N-0.75, whereas in 90%
deviation is N-0.5, resulting in £70 thousand saving in the network expenditure. Similar trends

are also evident in Medium and High reliable networks.

It is worth noting that 10% and 50% deviation scenarios have no impact on the design of Low
and High reliable networks. The former is caused by low reliability of the network to the extent
that the high investment in security is essential regardless of the applied deviation, while in the

latter, it is due to insignificant interruption costs of the network even in low security levels.

3.4.2 Case study 2: marginal benefit function

To investigate the impact of the distribution of the supply valuation over all units of baseline
demand on network decisions, three marginal benefit functions that are presented in Figure 3.4.

and Table 3.1 are examined in this section.
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Table 3.5: Optimal security level and expected annual network expenditure for different deviation ranges

Reliability 0% 10% 50% 90%
scenario deviation deviation deviation deviation
Optimal level (N-0.75) (N-0.75) (N-0.75) (N-0.5)
Low
Expenditure (£) 3.0E+05 2.9E+05 2.7E+05 2.3E+05
Optimal level (N-0.5) (N-0.5) (N-0.25) (N-0.25)
Medium
Expenditure (£) 2.3E+05 2.3E+05 2.1E+05 1.8E+05
Optimal level (N-0.25) (N-0.25) (N-0.25) (N-0)
High
Expenditure (£) 2.0E+05 2.0E+05 1.8E+05 1.6E+05
Existing network:

The extent of reductions in the interruption costs with respect to Case a in the existing network
are presented in Figures 3.12 to 3.14. High flexibility function, as expressed in Figure 3.4,
represents those customers that value most energy units of their baseline demand relatively
low, while customers with the low flexibility function value most part of their baseline high. At
times of failures, those loads with a lower value are curtailed first. This leads to a lower
interruption cost for a network with high flexible customers with respect to a network with low
flexible. Therefore, the former provides the highest reduction in all reliability and security
levels compared to the other two functions. The extent of these reductions is more noticeable
for a network with low reliability and security level. For example, for Low reliable network
and N-0 level (see Figure 3.14) customers with high flexibility offer over £1 million decrease
in interruption cost, whereas in High reliable network and N-0.75 level (see Figure 3.12) the

decrease is less than £4 thousand.
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Figure 3.12: Expected reduction in annual interruption costs for different marginal benefit functions in High
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Figure 3.14: Expected reduction in annual interruption costs for different marginal benefit functions in Low
reliable network

Incremental planning:

Table 3.6 expresses the minimum VoLL required to carry out both substation and feeder
upgrades under proposed marginal benefit functions. Results indicate a substantial rise in these

values when customers employed a higher flexibility function.

Table 3.6: Minimum VoLL to justify reinforcement of the substation and feeder sections for different

marginal benefit functions (in £/kWh)

Reliability | Security Substation Feeder
scenario level Case a low |medium| high Case a low |medium| high
flex. flex. flex. flex. flex. flex.
N-0 12.1 28.8 38.8 109.3 9.2 20.3 27.8 70.1
High N-0.25 35.2 110.7 157.8 596.7 21.1 52.3 74.8 2144
N-0.5 134.5 728.3 | 1245.5 | 6016.5 37.3 71.6 101.3 272.1
N-0.75 NaN NaN NaN NaN 37.3 71.6 101.3 272.1
N-0 5.7 13.9 18.7 53.0 2.4 5.2 7.0 18.0
. N-0.25 17.1 53.7 76.5 290.6 53 13.3 18.5 55.2
Medium
N-0.5 65.2 364.6 602.1 | 3191.4 9.2 18.0 24.8 68.8
N-0.75 NaN NaN NaN NaN 9.2 18.0 24.8 68.8
N-0 1.1 2.4 3.7 10.5 0.6 1.3 1.8 4.6
N-0.25 33 8.7 14.9 61.7 1.3 33 4.5 13.7
Low
N-0.5 12.7 77.8 117.8 801.8 2.2 4.4 5.9 16.6
N-0.75 NaN NaN NaN NaN 2.2 4.4 5.9 16.6

To evaluate reinforcement requirements for the benchmark VoLL, i.e., £16.94/kWh, this value
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should be compared to the minimum VoLL. The planning decisions and their corresponding
network expenditures are shown in Table 3.7 and Figure 3.15, respectively. Users with high
flexibility endure considerably less interruption costs compared to those with the other two
types of flexibility. This leads to a substantial reduction in annual network spending when Aigh
flexibility function is employed by customers. Therefore, in most reliability and security levels,
the network expenditure decreases as flexibility increases, while in the remaining scenarios, it

is unchanged.

In Low reliable network and N-0 security level, the reinforcements are inevitable under all
flexibilities. For the same reliability scenario, but N-0.25 security level, high flexibility scenario
can only postpone reinforcing the substation, while in N-0.5 level, the substation
reinforcements can be postponed under all marginal benefit functions. In all security levels of

Low reliable network, the feeders needs to be upgraded.

The impact of these examined functions in investment decisions is more noticeable in Medium
reliable network, where all network upgrades can be avoided in high flexibility scenario. The
impact on Reliable network is mostly limited to expenditure decline, where only for N-0 level,
the investment decisions are altered. This results from the fact that the existing network is

sufficiently reliable to cope with failures.
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Figure 3.15: Annual network expenditure for different marginal benefit functions when VoLL=£16.94/kWh
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Table 3.7: Reinforcement decisions for different marginal benefit functions when VoLL=£16.94/kWh

(“S”=substation, “F’=Feeder)

Reliability Security low medium high
scenario level Casea flexibility | flexibility | flexibility
N-0.25 S I F | S i F |Ss S | F
High :
N-0.5 S | F S F S S F
N-0.75 s i F | S :{F | 8 S | F
N-0 S S F
S S F
Medium
S S F
S S F
Low
Greenfield planning:

Table 3.8 indicates optimal security under all three reliability scenarios. In all of these
scenarios, the low flexibility function leads to a lower optimal security level, while the medium
flexibility provides more reduction in expenditure without offering any further change in
design. high flexibility function leads to additional fall on both optimal security and network
spending in all reliability scenarios. The extent of these changes in optimal design highlights

the significance of modelling customer’s valuation per unit of energy.

3.4.3 Case study 3: representation of customers’ supply valuation
Existing network:

Expected reduction in annual interruption costs for all representations of b, ¢ and d are
illustrated in Figures 3.16 to 3.18. For Case b and Case ¢, 50% deviation and medium flexibility
scenarios are considered, respectively. For every reliability and security level, Case b and Case
c lead to a significant decrease in the annual interruption costs. Case ¢ not only provides energy
to all customers, it also offers more reduction with respect to Case b, where customers in low
reliable classes are shed completely. Differentiation of supply valuation per both customers

and unit of supplied energy, i.e., Case d, results in even a higher fall in cost. This happens as
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the differentiation of supply valuation enables DNOs to shed demand based on both customers’
reliability class and their valuation of each requested kWh. Similar to previous studies, the
extent of reduction here is also higher in a network with lower reliability and security level.
For example, the most decrease in interruption cost takes place in Low reliable network and N-

0 level, while the least is in High reliable network and N-0.75 level.

Table 3.8: Optimal security level and expected annual network expenditure for different marginal benefit

functions

Reliability Case a low medium high
scenario flexibility flexibility flexibility

Optimal level (N-0.75) (N-0.5) (N-0.5) (N-0.25)
Low

Expenditure (£) 3.0E+05 2.5E+05 2.3E+05 1.9E+05

Optimal level (N-0.5) (N-0.25) (N-0.25) (N-0)
Medium

Expenditure (£) 2.3E+05 2.0E+05 1.9E+05 1.6E+05

Optimal level (N-0.25) (N-0) (N-0) (N-0)
High

Expenditure (£) 2.0E+05 1.7E+05 1.6E+05 1.4E+05

It is worth noting that the difference in costs between Case ¢ and d is relatively insignificant.
However, Case d has the advantage of providing differentiation between customers, where

they can opt their desired level of reliability.

80,000
70,000
60,000
50,000
40,000
30,000

20,000

10,000 §
0 BN

N-0 N-0.25 N-0.5 N-0.75

Annual reduction in interruption cost (£)

Security levels

B Caseb BCasec " Cased

Figure 3.16: Expected reduction in annual interruption costs for different representations in High reliable
network



Integrating Customers’ Differentiated Supply Valuation 79

200,000
180,000
160,000
140,000
120,000
100,000
80,000
60,000
40,000
20,000
0

nll o

N-0.25 N-0.5 N-0.75

Annual reduction in interruption cost (£)

Security levels

B Caseb BCasec " Cased

Figure 3.17: Expected reduction in annual interruption costs for different representations in Medium reliable
network
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Figure 3.18: Expected reduction in annual interruption costs for different representations in Low reliable
network

Incremental planning:

Table 3.9 presents the minimum VoLL to justify the substation and feeders upgrades in all four
cases. Results indicates significant improvement when differentiation per customer (Case b) is
considered with respect to Case a. Taking customers’ valuation per each supplied unit of
energy (Case c), offer even more in increasing this value. Case d offers a slight improvement
over Case c. This indicates that differentiation of units could have more impact on the network

costs than that of customers in the examined network.
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Table 3.9: Minimum VoLL to justify reinforcement of the substation and feeder sections for different

representations (in £/kWh)

Reliability | Security Substation Feeder
scenarto level Casea | Caseb | Casec | Cased | Casea | Caseb | Casec | Cased
N-0 12.1 20.4 38.8 45.0 9.2 15.1 27.8 323
Hioh N-0.25 35.2 65.0 157.8 183.1 21.1 36.4 74.8 86.7
i
& N-0.5 134.5 267.4 | 1245.5 | 14448 37.3 54.2 101.3 117.5
N-0.75 NaN NaN NaN NaN 373 54.2 101.3 117.5
N-0 5.7 9.8 18.7 21.7 2.4 39 7.0 8.2
N-0.25 17.1 31.5 76.5 88.7 5.3 9.0 18.5 21.5
Medium
N-0.5 65.2 129.5 602.1 696.0 9.2 134 248 28.8
N-0.75 NaN NaN NaN NaN 9.2 13.4 24.8 28.8
N-0 1.1 1.9 3.7 43 0.6 1.0 1.8 2.1
N-0.25 33 6.2 14.9 17.4 1.3 2.2 4.5 53
Low
N-0.5 12.7 253 117.8 136.6 2.2 32 59 6.9
N-0.75 NaN NaN NaN NaN 2.2 32 59 6.9

Table 3.10 and Figure 3.19 present the reinforcement requirements and their associated
network expenditure for the benchmark VoLL. Because of the interruption cost reduction, the
differentiation of supply valuation tends to avoid the need for network upgrades and decreases
the total network expenditure. For example, in Low reliable network, similar to previous case
studies, there is no difference between cases in N-0 and N-0.75 levels. However, in N-0.25 and
N-0.5 levels, as more flexibility is introduced, one of the investment decisions, i.e., the
substation, is avoided along with reduction in the network spending. For Medium reliable
network, all upgrade decisions are postponed from Case a to Case d, except the feeders in N-
0 level. Reliable network has the least change, where there is only alteration in N-0 level. For
all other security levels, the reinforcements are not essential, as the benchmark case is reliable

enough. Nevertheless, there is still a decline in spending in all of these security levels.
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Table 3.10: Reinforcement decisions for different representations when VoLL=£16.94/kWh

(“S”=substation, “F’=Feeder)

Rellab¥llty Security Case a Case b Case ¢ Case d
scenario level
N0 sTr s
N-0.25 S s i F | s iF
High : E :
N-0.5 S ' F S F S . F S . F
N-0.75 S i F|S:{F | S :i{F | S F
=
S | F S
Medium
S F S
S F S
Low
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80,000

Annual network expenditure (£)

S 2
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Figure 3.19: Annual network expenditure different representations when VoLL=£16.94/kWh

The breakdown of the interruption cost for different customer classes in Case b and d are shown
in Figures 3.20 and 3.21, respectively. Customers in Case d experience a lower interruption
cost compared to those in Case b in total. This is results from considering supply valuation per

unit of supplied energy in Case d, where loads with a lower value are curtailed first. Moreover,
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in Case d, all customers decrease their loads, albeit with different scales, while in Case b only
customers in lower classes are required to cut their consumptions. This is evident in Case b
under all scenarios, where customers in High and Highest groups experience almost no cost,

while in Case d all groups bear some costs.

In both Case b and d, the difference in cost between customer classes decreases as the network
reliability and security increases. For example, in Case b for Low reliable network with N-0
security level, there is a substantial variation in costs between all classes, while this variation

in High reliable network with N-0.75 security level is negligible.
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Figure 3.20: Expected annual interruption cost for different customer classes in Case b
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Figure 3.21: Expected annual interruption cost for different customer classes in Case d

It is also worth pointing out that although High reliable customers in Case b do not curtail in
N-0 and N-0.25 levels, they need to lower their loads in N-0.5 and N-0.75 levels slightly. This
happens due to the voltage limit, where in N-0 and N-0.25 levels, demand is decreased to satisfy
thermal constraints to the extent that there is no need to curtail loads further to maintain voltage.
However, for N-0.5 and N-0.75 levels, whenever there is a failure on feeders, farthest nodes
from the supply point experience voltage drops. The least expensive option for the DNO here
is to only curtail loads at these nodes, where in some failures, High reliable customers also
need to be curtailed. In these cases, loads related to Lowest, Low and Medium groups are
completely shed beforehand. Alternatively, the DNO can curtail customers with lower supply
valuation but from more nodes in the network to avoid curtailing High reliable customers at
the farthest nodes. However, this leads to higher interruption costs as more demand needs to

be curtailed.

Greenfield planning:

The impact of differentiation between customers and units of served energy on optimal network
planning and expenditure is shown in Table 3.11. Similar to previous case studies, introducing

more flexibility leads to alteration in optimal planning and reduction in network costs.
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Table 3.11: Optimal security level and expected annual network expenditure different representations

Rellab}llty Case a Case b Case c Case d
scenario

Optimal level (N-0.75) (N-0.75) (N-0.5) (N-0.5)
Low

Expenditure (£) 3.0E+05 2.7E+05 2.3E+05 2.3E+05

Optimal level (N-0.5) (N-0.25) (N-0.25) (N-0.25)
Medium

Expenditure (£) 2.3E+05 2.1E+05 1.9E+05 1.8E+05

Optimal level (N-0.25) (N-0.25) (N-0) (N-0)
High

Expenditure (£) 2.0E+05 1.8E+05 1.6E+05 1.6E+05

3.5 Network charges

The expected annual network charges, based on the proposed network charging scheme,
expressed by (2.18), of each type of customers in Case b and Case d are presented in Figures
3.22 and 3.23. These charges indicate individual customer’s contribution towards the network
investments when optimal security level is planned. The proposed scheme enables an equitable
treatment of customers with differentiated supply valuation: customers with higher supply
valuation enjoy lower interruption costs at the expense of higher network charges, while
customers with lower supply valuation are rewarded for their lower reliability of supply

through lower network charges.
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Figure 3.22: Expected annual network charges per customer in each class in Case b
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Figure 3.23: Expected annual network charges per customer in each class in Case d

The total network charges collected from customers recovers the investment cost of the
network. Therefore, a higher investment leads to higher charges in the network. For example,
customers in Low reliable network are charged higher than those from the same class in
Medium and High reliable network. Taking Case b as an example, the optimal security in Low
reliable is N-0.75, which necessitates more network charges in respect to optimal level of N-

0.25 in Medium and High reliable networks.

Similar to the interruption cost, as shown in Figures 3.20 and 3.21, there is also more variation
between customer groups in Case b compared to Case d for network charges. This is
consequence of having differentiation between units of supplied energy in Case d, where
critical loads of a lower reliable customer is met in expense of shedding non-critical loads of a
high reliable one. This increases the share of low reliable customers in network expenditure,

resulting in less variation between customers.

3.6 Conclusions

This chapter has explored the impact of integrating the differentiated valuation of electricity
supply for different customers and different levels of supplied energy in distribution network
planning. These differentiations are explored in three case studies. Results indicate that
customer interruption costs are reduced compared to the traditional assumption of uniform

supply valuation, since supply interruption of customers with low supply valuation and the
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non-critical part of their demand is prioritised during network failures. As a result, the need for
capital-intensive network reinforcements is limited and the total network expenditure is

decreased.

In addition, this chapter has proposed a cost-reflective network charging scheme that enables
DNGOs to recover the entire network investment costs. This scheme guarantees an equitable
treatment of customers, where those with higher reliability are charges more in respect with

those with lower reliability.



Chapter 4
Integrating Time-Shiftable Wet Appliances

4.1 Introduction

This chapter focuses on impact of modelling and deploying wet appliances as an example of
time coupling technologies during network outages. First, applications of wet appliances as a
flexible load in the context of smart grid is explored in Section 4.2. Flexibility characteristics
of these appliances are then elaborated in Section 4.3. This section explicates what WAs can
offer as a flexible demand. Costs experience by customers when the operation of WAs are
delayed are explained and modelled in Section 4.4. Technical constraints are then formulated
in Section 4.5. Section 4.6 lays out the assumptions deployed in case studies, while Section 4.7
clarifies the applied modelling and assumptions by two examples. Finally, three different case
studies regarding the impact of different models and parameters on network costs and

expenditures are probed in Section 4.8.

4.2 Related work

The roll-out of smart meters has paved the way to employ demand flexibility in operation and
planning of power networks. This includes applications in reducing network generation cost,

supporting intermittent renewable energy sources [67], outage management [32]-[33] and

[66]-[67], and etc.

Among household appliances, wet appliances are considered one of the most suitable loads for
DR applications. This is due to their extent of energy consumptions as well as their flexible

operation. Wet appliances including dishwashers, washing machines and tumble dryers,
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account for a large percentage of the total energy consumption in the domestic sector, e.g.
16.5% in the UK [70]. Furthermore, they are highly flexible due to the deferability of their
cycles, an ability to interrupt the operation between different phases, and low shifting cost. This
means that some consumers are willing to defer or interrupt the operation of these cycles

subject to certain constraints.

These characteristics of wet appliances have been exploited in various applications. These
appliances are deployed to shave the network peak demand by introducing dynamic pricing
mechanism [36], [70]-[71]. Reducing the green gas emission and daily network costs by
managing wet loads are investigated in [31], where different scenarios related to maximum
permissible deferral are examined. The potential of WA in reducing network peak, network
losses and service reliability for a Finish network case study is quantified in [33]. WAs can
also be rescheduled to support the network with wind generations [67]. This enables the
network operators to reduce the demand curtailment when the wind generation is lower than

expectation.

This research focuses on quantifying the impact of these flexibilities on network operation
during outages and its implications on network planning decisions. Similar works have also
been done in [32]-[33], [35] and [67]. The potential impact of DR on network reliability is
shown in [33]-[34], where interruption costs are reduced by exploiting wet appliance
flexibility. In [68], the impact of demand response on network planning is investigated. In this
study, network expenditure associated with design and management of the substation is
reduced, by lowering the network outage costs. The implications of different DR deployment
levels, including WAs, on network reliability indices such as CI, CML and Expected Energy
Not Supplied (EENS) are investigated in [36], where it is concluded that network assets’

utilisation can be increased considerably with a moderate deployment of DR.

This chapter has taken a step further towards investigating the impact of wet appliances
flexibility on network planning decisions, where the users’ discomfort cost caused by delaying
the appliances’ operation is also taken into account. This cost is derived from customer’s
valuation of the supply, where customers with lower VoLL and longer maximum deferral time
(in initiation of cycles) experience a lower shifting cost for a fixed delay. Moreover, exhaustive
sensitivity analysis related to operation of these appliances are carried out. These analyses
quantify impact of the deployment level, maximum deferral time and shifting cost on network

decisions.
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43 WA flexibility

The operation of wet appliances consists of different phases and processes that need to be
executed sequentially with no interruption. Having no flexibility, once a wet appliance is
activated, loaded and powered on by the customer, its cycle is initiated instantly. For washing
machines, this cycle is comprised of water heating, cleaning and rinsing processes. For a
specific washing program, each of these processes has an exact power requirement and exact
time duration, controlled by a step timer [72]. Since there is no interruption between these

phases, starting a cycle leads to a predefined and fixed demand profile.

In reality, initiation time and cycle interruptions could be subject to customers’ choices. To this
end, the first phase may not necessarily be initiated at the activation time, or a cycle may
experience interruptions between different operation phases. A flexible customer is willing to
defer a cycle as long as it is terminated prior to a certain deadline, determined by the maximum
allowable delay. Interrupting a cycle, however, may lead to serious consequences, namely,
higher energy consumption, inefficient machine performance and textile damage. Taking a
washing machine as an example, interrupting a cycle may require extra amount of energy to
carry out that phase later on. For example, warming water in the heating phase may affect
machine performance by prolonging cleaning phases, or may cause damages, such as colour
fading, and moldiness to textile [72]-[73]. Because of these costly drawbacks, in this work,

interrupting a cycle is not taken into account as a flexibility option.

4.4  Shifting cost

In addition to deferring the initiation time and the cycle interruption, flexibility can also be
identified by discomfort cost of customers due to delay. This means that a customer with a
higher flexibility associates a lower cost with a fixed delay time compared to the one with a
lower flexibility. To model a customer’s discomfort cost precisely, related data should be
captured through surveys, interviews, and trials. However, these tasks are out of the scope of

this work, where we only investigate the potential implications of considering this cost.

[lustrative models of this cost for different levels of customer flexibility are depicted in Figure
4.1, where the shifting cost of each unit of supplied energy (y-axis) is expressed with respect
to delay (x-axis). For a specific delay, the lesser flexible customer has the higher cost. For

inflexible users, shifting a cycle is not considered an option, since deferring a cycle corresponds
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to losing that cycle. Therefore, the shifting cost for inflexible cycles is fixed and equal to VoLL.
For flexible users, however, postponing a cycle is acceptable as long as it is terminated in time.
This means that the deferral in these cases should be less than the maximum allowable delay,
defined by customers. Initiating cycles after the allowed time imposes the same cost as losing
that cycle to customers. In this study, a generic quadratic function is applied to model shifting

cost:

SHC(6) = ad? + B + 7, 4.1)

where  represents delay, and «, 8 and -y are the parameters describing the form of the cost.
The value of this function is zero when a cycle is executed immediately (6 = 0), and is equal
to VoLL when the cycle is initiated with maximum permissible delay (6 = §"*%*). Taking these

two points into consideration, leads to zero value of ~y, and value of /3 is obtained as

B =k — agme (4.2)

Furthermore, by considering that the function in (4.1) is non-negative and increasing, the

admissible range for « is yield as

o< Yell o >0 43)
o> —;sffz, Va <0 (4.4)

A negative value of a (Concave curve) means that first hours of deferral cause more discomfort
to the customer that the last hours. The shifting cost becomes a linear curve for @ = 0, where
the user values every additional hour of delay the same. A positive value of a (Convex curve)
describes those users that are more sensitive to delay at later hours of the deferral. This means

their marginal discomfort cost is low at early hour of postponing the cycle. The extreme case

—VoLL

of the concave curve, as depicted in Figure 4.1, is achieved when o = o
6"’”0,%

whereas, the

VoL L

6ma£r:2'

These two extreme cases are referred

extreme case of convex curve is achieved by o =

to as Concave and Convex shifting cost in the remainder of this chapter.
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Figure 4.1: Different representations of the shifting cost

4.5 Wet appliance modelling

The network operation and planning formulation is provided in Section 2.3, where all network
and demand constraints are presented. The formulation accounts for local constraints of loads
that can be curtailed but not shifted in time. However, constraint (2.12) is representing local
constraints that describe operation of shiftable loads. This section presents constraints that

express the operation of deferrable wet appliances.

As discussed in Section 4.3, the flexibility of WAs is determined by deferring cycles, with no
interruption within cycles, and shifting cost. The latter, as expressed as in (4.1), represents the
discomfort that customers bear for postponing their WA cycles throughout network failures. It
has also been assumed that customers’ flexibility is only practiced in failure periods. This
means all WAs are executed as inflexible appliances prior to an outage. Considering these

assumptions, a single WA can be modelled as:

Cost function: CIC = Z x SHC(§) x E%¥¢ + (1 — Z) x VoLL x E%¢  (4.5)
Decision variables: ~ V" = [z,,Vt € T}] (4.6)

Constraints:
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2= p u<l, (4.7)
z, =0,V t < % or t > ot 4 gmae, (4.8)
Zaer = 1if 190 ¢ T (4.9)
Definitions:

5= (Ztenm 2 x ) —toc, (4.10)
piA =" L x PYA, 4.11)

where different parameters and variables are defined as,

Z: binary parameter indicating if the cycle is initiated,

Ecvele: energy required to finish the entire cycle,

z,: binary variable equal to one when the cycle is initiated at time period ¢,

T';: Set of time periods including the periods during which failure f occurs and the first 5™

after,

te<t: time period in which the appliance is activated,

0™ maximum allowable delay in initiating the cycle, determined by the user,
0: delay in initiating the cycle,

p/V4: active power consumed by the appliance at time period ¢,

PYA: power demand at step 7 of the cycle.

The objective function in (4.5), includes both shifting and cancellation cost, where the latter is
measured as a lost load according to VoLL. The decision variable is the initiation time of the

WA, stated by binary values in (4.6). Sum of these values, expressed by (4.7), equals to one
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when the cycle is operated at some point, and is equal to zero when it is cancelled. The
appliance cannot be initiated before the activation time, in which the user loads the machine
and opts the program, or after passing the maximum allowable delay. These requirements are
stated in (4.8). Constraint (4.9) reflects the assumption that cycles activated in normal operation
of the network, before an outage, are treated as inflexible ones. This means that these loads are
initiated immediately. These are taken into account because when a failure starts, there are
some unfinished cycles that should not be interrupted. Formulations to calculate the delay and

power demand of the appliance are expressed in (4.10) and (4.11), respectively.

4.6 Implementation considerations

Wet appliances considered in this work are washing machines, dishwashers and tumble dryers.
However, the operation of TDs is coupled with WMs, since the drying cycle is immediately
initiated after termination of the washing cycle. Therefore, TDs are not considered as
independent appliances. Instead, TDs and their corresponding WMs are defined as integrated

washer-dryers (WD), resultant of combining steps of both cycles.

Each cycle of wet appliances has its own specific power demand profile, indicated by the
number of the steps and their required power consumptions, based on a chosen program and
the machine model. Nevertheless, due to data availability and simplicity, it is assumed that
there is only one type of model with only one explicit program for each appliance type. The
profile of these programs are derived from [72], and shown in Table 4.1. With regard to WMs

and WDs, these profiles are based on the average load of Skg and normal cotton program.

Table 4.1: Electrical demand profile of wet appliances (in W) [72]

T:ﬁ‘ﬁ:g’s WM DW ™D
Total Energy (Wh) 887.5 1192.5 2460
1 100 80 2000
2 2000 2000 2000
3 900 80 2000
4 100 80 1600
5 100 80 1300
6 300 2000 940
7 50 300 0
8 0 150 0
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As shown in Table 4.1, the demand profiles are indicated in quarter-hourly periods. Thus, the
time resolution of the optimisation problem, (2.3)-(2.12), and WA modelling, (4.5)-(4.11),
should also be run quarter-hourly, or less, to model the appliances accurately. Since the
problem is MINP with quarter-hourly resolution, the computation burden is substantial. To
speed up the simulation time, therefore, voltage and reactive power constraints are relaxed in

this chapter.

The scale for penetration level of different appliances in UK households in 2025 are obtained
from [71] and [73], and presented in Table 4.2. Considering these percentages, and total
number of 10,000 households in the network of Figure 2.1, absolute number of each appliance

type in the network can be obtained; these data are presented in Table 4.2.

Table 4.2: Penetration of wet appliances in the examined network

Appliance type | Penetration (% households) Penetration (households)

WM 35% 3,500
DW 53% 5,300
WD 60% 6,000

Figure 4.2 illustrates the daily number of activated WA cycles at each load point of the
examined network for all devices in 15 minute resolution, assuming execution of one cycle per
day per appliance. A typical diversified demand profile of these appliances are taken from [72],
and with processing procedure explained in [71] is transformed to quarter-hourly time steps

presented in Figure 4.2.



Integrating Time-Shiftable Wet Appliances 95

12

10

Number of appliances activated

1 6 11 16 21 26 31 36 41 46 51 56 61 66 71 76 81 86 91 96

Time (quarter hour)

Figure 4.2: Number of WA cycles activated in each quarter hour of the day at each network node

Figures 4.3 and 4.4 show demand profile of the network and WAs for a normal operation day,
respectively. According to Figure 4.3, the peak total demand, including both WA and non-
WAs appliances, is 10.3 MW. WA demand has two peaks, one in the early afternoon with the
value of 1.6 MW, and one in the late evening with the value of 1.9 MW. Integrated washer-
dryers account for most of the WA peak, nearly 63% of the peak, as shown in Figure 4.4. This
results from the high penetration of WDs (see Table 4.2), as well as high energy consumption

of tumble dryers (see Table 4.1).
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Figure 4.3: Total network demand in a normal day
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4.7 Failure illustrations

To examine the operation of flexible WAs, two failures (one on the substation and one on a

feeder section) are looked at in this section. The characteristics of these two failures are

presented in Table 4.3.
Table 4.3: Characteristics of the examined failures
Failed Asset Available capacity | Failure start Repair time
Transformer 5.15 MW 8284 h 21 hours
Feederl, Section 3 5.15 MW 58748 11 hours

4.7.1 Substation failure

The substation outage takes place at time 8281 hours, and lasts for 21 hours. The simulation
runs from 4 hours before the event in order to account for unfinished cycles activated at those
times, and finishes 8 hours after the fault recovery in order to consider those cycles that are
postponed to these times. Quarter-hourly time steps are considered as discussed in the previous
section. The transformer is, therefore, out between time step 17 to 100. Furthermore, in this
example, it is assumed that all wet appliances are deferrable with the maximum allowable delay

of 6 hours.
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Figure 4.5: Network demand in the normal and substation outage scenarios

Figure 4.5 depicts the total network demand in the normal operation condition as well as the
failure. The difference between these two trends results from shifting and curtailing appliances
in the failure scenario. The objective in this scenario is to first avoid curtailment due to its
substantial associated cost, defined by VoLL. To do so, the flexibility of the wet appliances are
exploited first. However, because of low security level of the network in this example, i.e., N-
0, demand still needs to be curtailed. This can be observed by comparing the supplied energy
in the normal and failure events, equivalent to the area below the curve in Figure 4.5, where

the area is substantially less in the outage event.

Despite the outage occurrence at time step 17, it is not required to alter the demand profile until
33 step, in which the baseline demand is more than the available capacity of the substation.
By clearance of the fault at time step 100, there is no further need to cut loads. However, there
is a spike in the demand immediately after the clearance, caused by supplying the deferred wet
appliances at that time. These loads need to be met as soon as enough capacity is available to
avoid additional shifting cost. The demand trend of these wet appliances in the normal and
substation outage scenarios are shown in Figure 4.6. Most appliances that are activated up to 6
hours before the end of the outage are supplied later when the transformer is back to the
network. Consequently, a peak in demand is produced at step 101 to supply these deferred
cycles, mostly DWs. Nevertheless, not all cycles are met at step 101, since the total demand is

already equal to the entire capacity of the substation. The remaining cycles are supplied
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afterward, generating another peak at time step 105. A similar trend can also be noted in each

type of wet appliances, as depicted in Figure 4.7.
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Figure 4.6: WA demand in normal and substation outage scenarios
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Figure 4.7: Demand of all WA types in normal and substation outage scenarios

4.7.2 Feeder failure

The second examined failure occurs in the third section of the first feeder at hour 58748 for 11
hours. Similar to the first studies failure, the simulation starts four hours prior to the event to

include unfinished cycles that started before the outage. Considering quarter-hourly time
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resolution of the simulation, the section is out between time step 17" to 60, inclusive. At time

step 17, the circuit breaker of the third section acts immediately to break fault current that

supplies load points F1L3 to F1L5. After isolating this section, the normally open switch at the

end of the feeder is closed instantly to provide back-feeding to these load points. Nevertheless,

the supplied demand of these load points is constrained by the capacity of the second feeder.
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Figure 4.8: Network demand in normal and feeder outage scenarios
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Figure 4.9: Demand of load points affected by the feeder failure in normal and outage scenarios

Figure 4.8 highlights the difference between the baseline and supplied demand of the entire

network, while, Figure 4.9 illustrates demand of households on the second feeder in addition

to those on F1L3 to FILS; all these households are supplied through the second feeder during
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the outage. The supplied demand on these nodes is restricted by the capacity of the first line on
the second feeder, which is equal to 5.15 MW. As the failure takes place at step 17, the demand
needs to be curtailed on these load points to match the available capacity of the line. To do so,
loads are partially shed, and are partially shifted, i.e., wet appliances, as shown by Figure 4.10.
Since the baseline demand is lower than the capacity from step 29 onward, these shifted loads
have the opportunity to be initiated, causing discrepancy between baseline and supplied
demand, as illustrated in Figure 4.9. All of these cycles are finished by step 41, and from that

to the end of the outage at step 61 no curtailment is imposed on the customers.
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Figure 4.10: Demand of WAs in normal and substation outage scenarios

In contrast to the substation failure, where the peak generated by WAs is mostly due to DWs,
here WDs account mainly for the peak at time step 37, as illustrated by Figure 4.11. In general,
there is no explicit trend to determine which appliances have the most share in shifted load or
generated peaks, due to the dependency on the timing, nature of an outage and number of

activated cycles at or prior to the event.
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Figure 4.11: Demand of all WA types in normal, and feeder outage scenarios

4.8 Case studies

As discussed in Section 2.5, the impact of the flexibility of WAs on distribution network
operation and planning is examined in threefold: first, on the interruption cost of the existing
test network, second, on the reinforcement decisions of the network, and third, on designing a
network based on Greenfield planning. In the first two cases, the network of Figure 2.1 under
different security scenarios is studied, while in the third one, we assume the security level is
the subject of the optimisation, where the optimal capacity of the substation and feeder sections
(redundancy level) are decided. The optimal capacity is selected between four possible choices

of network redundancy levels including N-0, N-0.25, N-0.5 and N-0.75.

To quantify the impact of WA shiftability, three case studies based on sensitivity analyses on
penetration level of deferrable appliances, the maximum allowable delay and shifting cost are
proposed in this section. In the first case study, five different scenarios of household penetration
of deferrable households are examined. These percentages and number of associated appliances
in each of them are calculated based on Table 4.2 and are presented in Table 4.4. Zero
penetration level indicates that all appliances are inflexible, and they should be initiated as
activated. In contrast, in 100% scenario, all appliances are deferrable stating that consumers
are willing to defer their cycles, albeit by taking their shifting cost and maximum delay into
the account. In the second study, the maximum allowable deferring is subject of the study.

Finally, in the third case study, three representations of shifting cost, as discussed in Section
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4.4 and presented in Figure 4.1, are deployed to investigate impact of customers’ susceptibility

to delay on the operation and planning of the network.

Table 4.4: Number of deferrable appliances in each penetration scenarios (per day)

Penetration scenario WM DW WD
0% 0 0 0
25% 875 1,325 1,500
50% 1,750 2,650 3,000
75% 2,625 3,975 4,500
100% 3,500 5,300 6,000

Current practice where all cycles are assumed inflexible is considered as the benchmark case.
In this case, all cycles are initiated instantly, and if there is a capacity shortage the demand then
needs to be cut. The interruption cost of the benchmark case based on VoLL of £16.94/kWh is
presented in Figure 4.12, where the existing network without any reinforcement is considered.
As expected, the cost is substantially higher in Low reliable network compared to the other two
reliability scenarios in all security levels. Additionally, as the security level increases (higher
redundancy), the cost decreases. Therefore, the highest cost is experienced in Low reliable
network with security level of N-0, whereas, the least cost happens in High reliable network
and N-0.75. It is also worth noting that the interruption cost depends on the network peak

demand; a higher peak demand results in higher interruption cost.
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Figure 4.12: Annual interruption cost of the benchmark case
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The interruption cost of the benchmark case, illustrated by Figure 4.12, is significant, and
network planners need to reinforce the network to avoid these costs. To make reinforcement
decisions, DNOs need to assess the investment cost and interruption cost of existing network
to propose optimal network upgrade. To alleviate damages caused by the substation failures, a
third transformer with the same size as the existing ones can be added, while for feeder sections,

they can be replaced by double size cables.

Table 4.5 states the required investments in the benchmark case, assuming the investments cost
expressed in Table 2.3, where a dark red cell indicates necessitate of the reinforcement for the
substation or feeder sections, while a light green one indicates the contrary. The total network
expenditure for these scenarios is illustrated in Figure 4.13. In N-0 level, both reinforcements
should be carried out regardless of the reliability scenario. Hence, all three networks have an
equal expenditure. In N-0.75 level, however, different reinforcements are required for each
network. For this level in High reliable and Medium reliable networks, no upgrade is required,
leading to low expenditure, whereas, in Low reliable one, both assets should be reinforced. It
is also worth noting that the investment cost of the substation rises as the security level
increases. This is due to increase in the size of the third transformer. Taking Low reliable
network as an example, the network expenditure is considerably higher in N-0.75 with respect

to N-0 level.

Table 4.5: Reinforcement decisions in the benchmark case

Reliability scenario N-0.5 N-0.75
Substation Substation
High reliable
Feeder Feeder
Substation Substation
Mid reliable
Feeder

Low reliable
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Figure 4.13: Annual network expenditure of the benchmark case

4.8.1 Case study 1: penetration of deferrable appliances

The flexibility of wet appliances in a network relies on the number of customers with
willingness to shift their cycles. These cycles can be initiated with an acceptable delay to the
customer, while the remaining inflexible cycles are required to start upon activation. To assess
the impact of the penetration level, five scenarios with different number of deferrable cycles
are studies, as presented in Table 4.4. In all of these scenarios, the maximum acceptable delay
of 6 hours and Linear shifting cost, as expressed by Figure 4.1, are considered. It is also worth

noting that the scenario with zero penetration is the same as the benchmark case.

Existing network:

The reduction in annual interruption cost of the existing network for different penetration levels
are depicted in Figures 4.14 to 4.16. These reductions are calculated with respect to the
benchmark case, based on VoLL of £16.94/kWh, as provided in Figure 4.12. Figure 4.14 shows
the decrease in the cost of High reliable network, where the benefit of the flexibility provided
by a higher number of deferrable cycles is evident; higher penetration of these cycles leads to
higher reduction in the network interruption cost. Nonetheless, the extent of this benefit
decreases as the security level increases. This means in N-0 level, the highest decline is
achievable by introducing more deferrable cycles, while the least is attainable in N-0.75. This
indicates the substantial impact of the flexibility in networks with low redundancy levels. The
same logic also holds for Medium and Low reliable network, as shown in Figures 4.15 to 4.16,

respectively. However, the effect of number of flexible WAs is substantially more in these two



Integrating Time-Shiftable Wet Appliances 105

reliability scenarios, especially Low reliable, with respect to the High reliable network. For
example, in Low reliable network and N-0 level, 100% penetration offers £88 thousand
reduction per year. Considering that wet appliances only account for 16% of the peak demand,

this achievement is significant.
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Figure 4.14: Expected reduction in annual interruption costs for different penetration levels of deferrable
appliances in High reliable network
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Figure 4.15: Expected reduction in annual interruption costs for different penetration levels of deferrable
appliances in Medium reliable network
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Figure 4.16: Expected reduction in annual interruption costs for different penetration levels of deferrable
appliances in Low reliable network

Incremental planning:

As described in the previous section, the existing network could be exposed to a substantial
interruption cost, depending on its reliability and security scenarios. To avoid these costs,
DNOs undertake reinforcements in the network to lessen demand curtailments in outage
conditions. To decide which network upgrade should be carried out, the network planners
should assess whether the advantage stemmed from reducing interruption cost overcomes the
investment costs. Nevertheless, the interruption cost is highly dependent on a chosen VoLL,
where higher value justifies more reinforcements in the network. To quantify the impact of the
flexibility on network upgrade decision without considering a specific VoLL, we have changed
the perspective of the problem. Instead of probing what reinforcements should be carried out
with a certain VoLL, we are looking for the minimum VoLL to justify a specific reinforcement
in the network. This value is achieved when the interruption cost coincides with the upgrade
cost. Based on this minimum value, DNOs can then decide on planning decisions; if the actual

VoLL is higher, the upgrade should be agreed to, otherwise it should be postponed.

The minimum VoLL for different reliability scenarios and security levels for both substation
and feeders sections are expressed in Figures 4.17 to 4.19. High reliable network, as depicted
in Figure 4.17, requires higher VoLL to undertake reinforcements compared to Medium and
Low reliability networks, as illustrated in Figures 4.18 and 4.19, respectively. This results from

the fact that this network is reliable enough that only a relatively high VoLL might lead to
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network upgrades, whereas in Low reliable network, due to the substantial interruption costs

of the existing network, investments are essential even for relatively low VoLLs.
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Figure 4.17: Minimum VoLL to justify reinforcement of the substation and feeder sections for different
penetration levels of deferrable appliances in High reliable network
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Figure 4.18: Minimum VoLL to justify reinforcement of the substation and feeder sections for different
penetration levels of deferrable appliances in Medium reliable network
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Figure 4.19: Minimum VoLL to justify reinforcement of the substation and feeder sections for different
penetration levels of deferrable appliances in Low reliable network

For all reliability scenarios, when network security level increases from N-0 to N-0.75, the
minimum required VoLL to justify the investment rises. In high security levels, there is less
urgency to upgrade assets due to the high redundancy of the network. This indicates that only
arelatively high VoLL can lead to reinforcements in a network that is fairly reliable. Regarding
different penetration levels, the impact is more considerable in high security levels, where
higher number of deferrable cycles has a potential to reduce the interruption cost relatively

substantial to the extent that significantly high VoLL is required to take an investment action.

It is worth noting that in Figures 4.17 to 4.19, the minimum VoLL associated with feeders is
greater than the equivalent of the substation in most cases. This relates to the difference
between the repair time of the substation and feeders in all scenarios, where it takes days to
bring back a transformer to the network, while for a feeder section, it only takes couple of
hours. Therefore, postponing WA cycles for several hours, when there is failure on lines could
potentially alleviate the failure implications dramatically, while its impact during the substation

outages is much lower due to the longer repair time.

To assess reinforcement decisions for the benchmark VoLL of 16.94 kWh, we need to compare
the minimum VoLL to that value for each scenario. Table 4.6 shows the reinforcement
decisions, where a dark red cell indicates necessitate of an upgrade, while a light green one
means that it can be postponed. The total network expenditure when appropriate reinforcements

are undertaken is illustrated by Figure 4.20. The expenditure consists of the both investment
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costs and interruption costs of the reinforced network. In scenarios that both reinforcements
are carried out, customers do not experience any interruption. Thus, in these scenarios, the
annual expenditure only includes the reinforcement costs. As a result, when both upgrades are
required under all penetration scenarios, the additional flexibility does not offer any reduction
in the expenditure. These scenarios occur when the network reliability and security are
relatively low, e.g. N-0 in Low reliable network. Nevertheless, in other scenarios, introduction
of more flexibility leads to alteration in planning decisions or/ and decline in the network
expenditure. Taking Low reliable network with N-0.75 level as an example, 25% and 50%
scenarios enable postponing the feeder upgrades, while for 75% and 100% penetrations, both

upgrades can be delayed.

Table 4.6: Reinforcement decisions for different penetration levels of deferrable cycles when

VoLL=£16.94/kWh (“S”=substation, “F’=Feeder)

Reliability Security
scenario scenario

N-0

0% 25% 50% 75% 100%

N-0.25
High
N-0.5

N-0.75

N-0

N-0.25
Medium
N-0.5

N-0.75

N-0

N-0.25
Low
N-0.5

N-0.75
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Figure 4.20: Annual network expenditure for different penetration levels of deferrable appliances when
VoLL=£16.94/kWh

Greenfield planning:

In Greenfield planning, the aim is to identify the optimal security level of the network. The
optimal security offers the least network expenditure, comprised of both investment and
interruption costs. The former includes the cost of the substation and feeder sections. For the

substation, this means installing two transformers with the same capacity.

Since WAs only account for 16% of the peak demand, the impact of their flexibility on the
optimal security level is relatively low. For example for High reliable network, the optimal
level is N-0.5 regardless of which penetration level is applied. For Medium and Low reliable
networks, this level is N-0.75 for all penetration scenarios. Despite this, increase in number of
deferrable cycles can still cut the interruption cost by shifting flexible cycles in time.
Consequently, this leads to a lower network expenditure, which is illustrated in Figure 4.21.
The extent of the reduction is more noticeable in Low reliable network, where extra flexibility
can offer more benefits due to the higher frequency and longer duration of outages in this case.
On the contrary, the expenditure reduction in Medium and High reliable networks when the

number of flexible cycles increases is moderate.
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Figure 4.21: Total network cost at the optimal security level for different penetration levels of deferrable
appliances

4.8.2 Case study 2: maximum allowable delay

One of the factors that quantifies WA flexibility is the maximum deferral in cycles that users
are willing to accept. This indicates the maximum possible delay in initiating a cycle that has
been activated before. A consumer with a higher flexibility agrees to a longer delay compared

to one with a lower.

In this case study, the impact of different maximum acceptable delays on network planning and
operation is investigated. To that end, five different scenarios for maximum allowable deferral
are proposed including 0, 2, 4, 6, 8 and 10 hours. These values are in line with the surveys that

carried out in the UK [72].

In all scenarios, it is assumed that the penetration level of deferrable appliances is 50%, as
provided in Table 4.4, and the shifting cost of all households is expressed by Linear function

in Figure 4.1. Moreover, in each case, all WAs have the same maximum allowable delay.

It is also worth noting that the maximum delay affects shifting cost, where for a fixed delay in
a cycle operation, the shifting cost of a customer with higher allowable deferral is less that of
the lower one. This means not only has that customer the ability to shift the cycle longer but

also experiences a lower shifting cost.
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Existing network:

Figure 4.22 to 4.24 show decrease in the annual interruption costs for different maximum delay
in High, Medium and Low reliable networks, respectively. In all reliability scenarios and
security levels, a longer delay leads to more decline in cost. The extend of this reduction is
disproportionate to the delay itself, where for example in High reliable network and N-0 level,
10h scenario offers eight times more reduction that 2h one. Similar trends can also be observed
in other reliability scenarios and security levels. This highlights the effectiveness of this

flexibility type in reducing network costs.

The absolute value of the fall in cost varies according to the security level, where in a higher
level less cost reduction is achieved. This is expected, since in high security scenarios, there is
more capacity available to supply the network demand. Therefore, fewer numbers of cycles are
required to be postponed. Because of this, the reduction achieved by a higher maximum delay
scenario in these security levels are mostly caused by its lower shifting cost rather that the

longer deferral option.

The effect of a higher flexibility of wet appliances in reducing the network cost also depends
on the level of network reliability, where in Low reliable network, a substantial benefit can be
achieved by extending the maximum delay. In the extreme case of N-0 level, the 10 h scenario
offers £113 thousand reduction in Low reliable network, while the same scenario only provides
£13 thousand in High reliable network. This is a consequence of the higher frequency and
longer repair time of outages in Low reliable case, in which demand flexibility can play a

significant role in balancing demand and supply, and subsequently reducing the network costs.

The effect of a long repair time can also be noticed in comparison of different maximum delay
scenarios. For a short repair time, the change is insignificant for different delay scenarios.
However, when a failure takes longer time, postponing cycles for a few more hours could
reduce the cost significantly. This can be noticed by comparison of two cases with different
maximum allowable delay between High and Low reliable networks; where Low reliable
network experiences longer average outage duration on both substation and feeder sections.
Taking N-0 security level, and 2 and 10 hours cases as an example, in High reliable network,
10 hours offers almost eight times more reduction in costs (£13 thousand to £1.5 thousand),
while in Low reliable network the ratio is 14 (£113 thousand to £7.9 thousand). This finding is
consistent between all security levels and flexibility scenarios, where relative impact of the

flexibility is higher in a lower reliable network.
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Figure 4.22: Expected reduction in annual interruption costs for different maximum allowable deferrals in
High reliable network
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Figure 4.23: Expected reduction in annual interruption costs for different maximum allowable deferrals in
Medium reliable network
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Figure 4.24: Expected reduction in annual interruption costs for different maximum allowable deferrals in
Low reliable network

Incremental planning:

The minimum VoLL required to agree to a specific reinforcement indicates the level of that
network resilience towards failures. This means a network with low reliability scenario or
security level should be reinforced for a lower VoLL in respect with one with a higher

reliability.

The minimum VoLL for both substation and feeder for High, Medium and Low reliable
networks are presented in Figure 4.25 to 4.27, respectively. For any reliability scenario, for
both substation and feeders, the difference in minimum VoLL between maximum delay
scenarios increases as the security increases. In another word, extending the operation deadline
of cycles has more effect on minimum VoLL when the security level is high. For example, in
High reliable network and N-0.75 level, 10h scenario offers the minimum value of £429/kWh
for the feeders, while 2h scenario delivers £233/kWh. This change is considerable compared
to N-0 level, where the difference between 2h and 10h cases are negligible. This happens due
to the high relative impact of the extra flexibility in high security levels, where it can reduce
the cost relatively significant, whereas in low security scenarios, introduction of more
flexibility has an insignificant relative effect on the total interruption costs. This implies that
reinforcements should be carried out in low VoLL regardless of the customers’ flexibility level

when the security level is low.
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Figure 4.26: Minimum VoLL to justify reinforcement of the substation and feeder sections for different
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Figure 4.27: Minimum VoLL to justify reinforcement of the substation and feeder sections for different
maximum allowable deferrals in Low reliable network

To assess if the network upgrades are required in a scenario when VoLL is equal to the
benchmark value of £16.94, this value is compared with the minimum VoLL of the scenario;
if it 1s higher, the network should then be reinforced. The upgrade decisions under all scenarios

are provided in Table 4.7, where need of a reinforcement is identified by a dark red cell.

Since deferrable WAs only account for 8% of the peak demand, their impact on the investment
decision is not extensive. This is evident in Table 4.7, where only in few cases, the decisions
are altered when more flexibility offered by customers. For example, when 8h and 10h
scenarios are applied in Low reliable network, it leads to postponing both network upgrades in
N-0.75 level. Although the impact of the flexibility in planning decision is minimal, it could
still offers reduction in the network expenditure, as depicted in Figure 4.28. Only for those
scenarios that at least one investment decision is postponed, there is difference in expenditure,
mostly high security levels. For those other scenarios that both substation and feeders are
reinforced, the total expenditure equals to the investment cost, since the interruption cost is
zero. For these scenarios, thus, the introduction of more flexibility does not change the

expenditure.
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Table 4.7: Reinforcement decisions for different maximum allowable deferrals (“S”=substation, “F’=Feeder)
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Figure 4.28: Annual network expenditure for different maximum allowable deferrals when

VoLL=£16.94/kWh

Greenfield planning:

Figure 4.29 shows the total network cost when optimal security level is planned for each

reliability scenario. The total cost decreases moderately when the maximum deferral increases
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in High and Medium reliable networks, whereas in Low reliable one, it drops sharply with the

potential of £60 thousand saving in 10h scenario with respect to the benchmark practice of Oh.
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Figure 4.29: Total network cost at the optimal security level for different maximum allowable deferrals
4.8.3 Case study 3: shifting cost

As discussed in Section 4.4, each customer might experience different level of discomfort when
a cycle is postponed. This level can be reflected by the shifting cost, defined by that customer.
This cost can also express the sensitivity of a user in respect to the delay in initiation of a cycle.
These differences are highlighted by four candidates for shifting cost in Section 4.4 and Figure
4.1. In this case study, these candidates are applied in order to investigate their impact on
different aspect of planning and operation in the examined network. These representations are

identified as Inflexible, Concave, Linear and Convex shifting costs.

For all examined scenarios, the maximum allowable delay of 6 hours and penetration level of
50% for deferrable cycles are considered. It is also worth mentioning that the inflexible

scenario is the same case as the benchmark, where deferring a cycle is considered as a lost load.

Existing network:

The impact of different deferral cost on the annual interruption cost of the network under
different scenarios is shown in Figure 4.30. The results indicate a significant reduction in cost
in scenarios with low reliability or security levels. Low reliable network and N-0 security is a
good illustration of this point, where Convex case provides £100 thousand saving in the

network cost, whereas Concave function offers £25 thousand. On the other hand, in High
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reliable network and N-0.75 level, Convex case offers only £6 thousand, while Concave one

decreases the cost by less than £2 thousand.
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Figure 4.30: Expected reduction in annual interruption costs for different shifting costs
Incremental Planning:

The minimum VoLL that can justifies the reinforcements is presented in Figures 4.31 to 4.33,
for different shifting cost representations. The minimum VoLL is achieved when the
interruption costs caused by failures on a specific asset, calculated based on that VoLL,
coincides with the investment costs of upgrading that asset. Because of this, a lower shifting
cost leads to a considerable increase in minimum VoLL only when it offers relatively high
reduction of the interruption cost. Since in high security levels, shifting cost accounts for a
noticeable portion of the total interruption cost (ranged from 35% to 45 %), its change has
substantial effect on the entire costs, and consequently on the minimum calculated VoLL. This
could be observed from the variation of minimum VoLL between different shiftability
representations in N-0.75 level of all reliability scenarios. In contrast, in other security levels,
deferral cost only forms a slight share of the total cost. Therefore, change of shifting function

does not offer significant relative reduction in the total costs and the minimum VoLL.
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Figure 4.31: Minimum VoLL to justify reinforcement of the substation and feeder sections for different
shifting costs in High reliable network
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Figure 4.32: Minimum VoLL to justify reinforcement of the substation and feeder sections for different
shifting costs in Medium reliable network
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Figure 4.33: Minimum VoLL to justify reinforcement of the substation and feeder sections for different
shifting costs in Low reliable network

The required reinforcement decisions when VoLL is £16.94/kWh is presented in Table 4.8.
Since deferrable WAs only account for 8% of the peak, their impact on planning decisions is
not significant. However, there are some case such as N-0.5 level in Medium reliable and N-
0.75 in Low reliable networks, where applying Convex cost has postponed network upgrades.
The network expenditure with these reinforcements are shown in Figure 4.34. As expected, a

lower shifting cost decreases the total network spending.

Table 4.8: Reinforcement decisions for different shifting costs (“S”=substation, “F”’=Feeder)

Reliability Security
scenario scenario

Inflexible Concave Linear Convex

High

Medium

Low
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Figure 4.34: Annual network expenditure for different shifting costs when VoLL=£16.94/kWh
Greenfield planning:

The trend of total network expenditure in Greenfield planning is shown in Figure 4.35, where
different shifting costs are applied. The optimal security level of each network remains
unchanged when the shitability of WAs increases. This is due to the relatively small share of
WA in total demand. The optimal security of Low, Medium and High reliable networks are

N-0.75, N-0.75 and N-0.5, respectively.

Despite this, additional flexibility, i.e., lower shifting cost, can still reduce the total network
expenditure. The trend for Medium and High reliable scenarios are modest. However, in Low

reliable network, the reduction can increase up to £70 thousand in Convex case.
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Figure 4.35: Total network cost at the optimal security level for different shifting costs

4.9 Conclusions

This chapter has quantified the impact of employing the flexibility of WAs in distribution
network operation and design. This flexibility is comprised of the extent of deferring the cycles
as well as the shifting cost experienced by users. The latter indicates customers’ discomfort in

delaying WAs. Four different candidates for this cost are proposed in this chapter.

To assess impact of these flexibilities, different scenarios related to the penetration level of the
deferrable appliances, maximum delay and shifting costs have been investigated. Results have
shown promising reductions in network expenditure in most scenarios, if deferability of WAs
are taken into account. Moreover, for few cases, additional flexibility has affected the network

planning decisions. This is remarkable since WAs only accounts for 16% of the peak demand.



Chapter 5
Integrating Smart Charging Electric Vehicles

5.1 Introduction

As described in Chapter 1, electrification of the transportation sector is one the main tools to
tackle climate change and energy security concerns. This envisions a considerable emergence
of EVs in the near future in order to replace traditional ICE based cars. EVs as time coupling
technology can thus play a major role in the distribution network planning, if their flexibility is

exploited.

In light of this, the aim of this chapter is to assess the impact of EV deployment in operation
and design of the distribution network. To that end, in the following section, the application of
EVs in power systems and context of this chapter are presented. EV modelling including both
technical characteristics and operation formulation are then discussed in Section 5.3.
Assumptions related to case studies are then presented in Section 5.4. To quantify the impact,
four case studies regarding EV flexibility penetration level, charging power, battery size and

efficiency are finally investigated in Section 5.5.

5.2 Related work

Deployment of EVs in order to replace vehicles driven by ICE is one of the chief solutions to
address concerns over fossil fuel scarcity, climate change and air pollution. Moreover, recent
advances in technologies related to electric vehicles promise a better performance and economy
compared to ICE cars. These advantages have encouraged governments to facilitate EV

deployment by providing incentives for manufacturers and customers.
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EVs’ market size has experienced a substantial growth in recent years consequently; in the UK,
for example, it has increased from 500 in 2014 to 3100 vehicles per month in 2016 [74].
Although there is still considerable uncertainty regarding the EV penetration level in the future,
the general consensus indicates a considerably high number of connecting EVs to power
networks [75]. For example, based on the medium penetration scenario in [75], EVs market
share is estimated to be around 30% and 50% for years 2020 and 2030, respectively. This raises
various implications for operation and planning of power networks, which have been addressed
numerously in the literature. These implications consist of increase in energy loss, peak load,
network contingencies, investment costs, voltage deviation and reliability reduction [37], [39]
and [76]-[79]. However, in this chapter, the focus is on benefits obtained by smart control of
EVs during network failures. Therefore, it is assumed that necessary infrastructure and

managements are in place to supply available EVs in normal operational conditions.

EVs are parked and idle more than 90% of the time [32] and [76]-[77], while the energy
requirement of their journeys can be provided in only a few hours, depending on the charging
power. This makes EVs a suitable choice for demand response applications, where their
consumption pattern could be optimised based on an objective defined by the system operator
or customers. For example, in [80] , EV demand is scheduled to minimise the charging cost,

while in [81]—[82], the objectives are energy cost, voltage deviations and power losses.

EVs can provide further flexibility if the capability to act as a storage device is also taken into
account [37], [76] and [83]-[84]. This feature, which is known as V2G enables a battery to
discharge the stored energy to the grid in order to support the network in normal and critical
conditions. It is worth noting that frequent use of an EV battery leads to its degradation which
reduces the lifetime [84]-[85]. Hence, batteries should only be used in conditions that have
considerable economic benefits. Moreover, bidirectional flow of batteries is possible if required
safety and protection measurement, metering and two-way communications are provided [86]—

[87].

There has been a substantial number of studies where different objectives based on this
capability are examined in normal operational condition of the network, such as reducing
generation costs [88], peak shaving [4] and [83], and reducing network losses [40]. Other
studies have focused on applications in critical conditions, such as participation in ancillary

services including spinning reserve and frequency regulation [76] and [89]-[96]. EVs with
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bidirectional flow can also support the network to facilitate integration of renewable energy

sources in order to mitigate impact of their intermittent characteristics [90]-[91] and [95]-[99].

EV flexibility can also be employed to support the distribution network during outage events
[52], [54]-[56] and [96]-[97]. This has minimal effect on battery lifetime, since failure events
occur barely in the network. Vehicle-to-building concept is introduced to utilised EVs to
provide backup power for a building [52] and [102]. The objective in these researches is to
minimise the generation cost in outages, where only outages with 30 minute period are
considered. Additionally, in [54]-[55] and [103], the impact of EV flexibility on reliability
measurements of System Average Interruption Duration Index (SAIDI) and EENS are assessed.
In [54], EVs are used as storage devices to support wind generation during network failures in
distribution networks. The study also considers the randomness of wind generation and outages
by applying Monte Carlo simulations. Although [54] exploits EVs’ flexibility to reduce the
interruption costs in the network, the impacts on total network costs and investment decisions

has not been discussed.

In this chapter, the effects of EV deployment in operation and investment costs in the
distribution network are quantified. To exercise that, different scenarios regarding EV

flexibility penetration, charging power, battery size and efficiency are investigated.

It is worth noting that in contrast to wet appliances, rescheduling EVs’ charging pattern does
not necessarily cause any discomfort to customers, if it does not affect their journeys. This is
ensured in this work by employing user constraints in the optimisation problem and the fact
that travel energy requirements are relatively small with respect to the battery capacity.
However, in reality, the travel requirement might be affected, requiring a utility function to
reflect the impact. Since accurate modelling of this function needs extensive surveys and data

collections, it has not focused on in this work.

5.3 EV modelling

5.3.1 Journey profile

To model EV flexibility and demand profile, data related to journeys are required. This includes
number of journeys per day, their timing and required energy. To capture the data related to

journeys taken by the UK EV fleets, we have adapted procedures presented in [73]. First, it is
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assumed that electrification of the transportation sector does not affect the driving pattern of
the UK drivers. This means that users do not alter their travel timing and distance if they use
an EV instead of an ICE vehicle. The traveling patterns provided by department of transport in
the UK are considered [104], where the total number of 67.4 million journeys per day carried
out by light to medium sized vehicles are reported. Considering the total number of 34.2 million
registered light to medium sized vehicles in the UK [105] , each vehicle on average takes two
journeys per day. These driving patterns are then grouped in 103 vehicle types, each reflecting
a specific combination of start time, end time and travel distance of each of the two daily
journeys. One of this vehicle types is provided in Table 5.1, while the complete version of the
table involving all types of vehicles are presented in Appendix B; the share in the network

indicates what portion of EVs are belonged to a specific vehicle type.

Table 5.1: Illustration of one vehicle type

15 Journey 2% Journey
Share in the
(1)
Start time End time Travel Start time End time Travel network (%)
(h) (h) distance (h) (h) distance
(km) (km)
9 9 14.90 11 11 14.36 1.4

To quantify the energy requirement of each journey taken by an EV, the rate of energy
consumption for each unit of distance needs to be determined. The range of 0.15 to 0.25
kWh/km is reported for different types of vehicles [4], [76], and [84]. In this work, value of
0.15 kWh/km is applied, which also includes on board energy requirements, such as air
conditioning and lighting [4]. Taking this value into the account, energy requirement of each

journey is then obtained, as presented in Appendix B.

5.3.2 Formulation

The network operation and planning formulation is provided in Section 2.3, where all network
and demand constraints are presented. Constraint (2.12) is representing local constraints that
describe shiftable loads. This section presents constraints that express the operation of flexible

EVs.

A flexible EV can be rescheduled to alleviate implications of failures in the network. Moreover,
an EV battery can be exploited as a storage to supply other types of loads. Considering these

features, a flexible EV can be modelled as
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Ey = 0B,y + 1, B = L Pl —afr x BT V€T, (5.1
(1 — DoD™) x Ee*? < B, < SoC™% x E<? Nt e T, (5.2)
Ey, = E,, (5.3)
0 < PV < pehomaz vyt ¢ 797 (5.4)
0 < Pl < plemaz i ¢ o7, (5.5)
P = 0,5t ¢ T, (5.6)
Pl = 0,Vt ¢ T, (5.7)

where different parameters and variables are defined as
Pfh’e”: electrical charging power of EV at time period ¢,
Ptdc’e”: electrical discharging power of EV at time period ¢,
Pehmaz: maximum charging power capacity of the battery,
pdemaz: maximum discharging power capacity of the battery,
E,: electrical energy stored in the battery at time period ¢,
E,,: electrical energy required for daily travels,

E<e?; electrical energy capacity of the battery,

E,: initial electrical energy stored in the battery,

DoD™**: maximum depth discharge of the battery,

SoC™**: maximum state of charge of the battery,
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T time period covering the entire days affected by an outage (from the first hour of the first

outage day to the last hour of the last outage day),
T the last hour of the last outage day,

T97": set of hours that an EV is connected to the grid,

tr

o;": a binary parameter equal to one at the first hour of connection to the grid

1,4 battery self-discharging efficiency in hourly basis,
7.5,: battery charging efficiency,
1,4.: battery discharging efficiency.

The battery energy balance is expressed by (5.1), which includes effects of charging,
discharging and travel on battery. The last term accounts for travel energy requirement, which
is deducted in the first hour after the second journey termination. Energy losses in the power
electronic converter in both charging and discharging stages are also considered by appropriate
efficiency coefficients. These losses guarantee that the battery is not charged and discharged at
the same time, since doing so leads to a solution where costs are higher than optimal solution

of the optimisation problem.

Constraint (5.2) constitutes the energy limitation of the battery, where the maximum depth of
the battery and maximum state of charge are respected. These two ratings are battery

specifications and are different from one type to another.

For normal daily operation of EVs, it is assumed that their electrical energy levels in the last
hour of a day are equal to the initial energy level (E)), i.e., daily charging pattern. This means
that the net daily charged energy is equal to the daily travel requirement of the vehicle.
However, during a failure, such a condition is relaxed to enable DNOs to exploit EVs’
flexibility according to the network requirements. After failure clearance, however, the battery
should be charged to the level of the initial value by the end of the last outage day. This

guarantees that the vehicle can return to its normal daily operation from the next day.

The charging and discharging power of a battery are restricted by its power rating and charging

infrastructure. These restrictions are reflected by (5.4) and (5.5). It is worth noting that when
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the vehicle is not connected to the grid, it does not have any interaction with the network, as
presented by (5.6) and (5.7). Considering these equations, the net demand of the EV from the
grid is then given by

Ptnet — PtCh,EU o PtdC,C’U ’vt G Ts (5,8)

For those customers that do not offer flexibility, the charging process starts as they finish their
second journey. This means that the battery is charged with the maximum possible charging
power until it reaches the desired energy level. Furthermore, inflexible EVs only works with

unidirectional flow. Considering these assumptions, an inflexible vehicle demand and energy

level can be modelled by

By =30 nen PE, (5.9)
P = min(Pevmas, E;:;XE;,;I), vt e T, (5.10)
P = 0,Y¢ T9", (5.11)

where 7 states the first hour that an EV returns home from the second journey.

For an inflexible vehicle, the aim is to charge the battery such that it has enough energy for the
daily journeys. This means the energy stored in the battery, since the termination of the second
journey until the start of the next one, meet the travel energy requirements. To this end, (5.9)
expresses the electrical energy stored in the battery since the second trip. The EV demand is
indicated by (5.10), assuming the battery is charged with the maximum possible power.
Moreover, charging should be carried out when the vehicle is parked and connected to the grid.
This is expressed by (5.10) and (5.11), where in the latter, the power is zero for those time

periods that the EV is not connected to the grid.

5.4 Implementation considerations

For an EV, charging profile of the battery depends on its energy capacity, power rating and its
efficiency in charging, discharging and self-discharging. The energy capacity of batteries could

vary from 12 to 90 kWh, depending on the EV model [106] . In [107] , they are divided into
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three main categories; light models with the energy capacity of 12-30 kWh, medium-large ones
with 20-42 kWh and high-performers models with 60-90 kWh. Due to data availability and
simplicity, light to medium categories are considered in this work to determine travel energy

requirements.

Furthermore, to increase the life cycle of the batteries, the entire available energy capacity
might not be utilised [106]. This is indicated as a percentage of the whole battery capacity by a
parameter called maximum state of the charge. This parameter for five different EV models are
stated in [106], where it varies from 78% to 95%. A similar restriction is also applied to the
extent that a battery could be discharged, stated by Depth of Discharge (DoD) parameter. DoD
depends on the type of the battery and it is usually ranged from 80% to 90% of the capacity
[76] and [106]. To reflect these two limitations on the usable energy of the batteries in this
chapter, it is assumed that the batteries can be charged thoroughly (100% maximum state of

charge), but only 80% of their capacity can be discharged (DoD=80%).

There are three main types of charging infrastructure available for EVs, namely, standard, fast
and rapid charging. The first two are based on single phase supply, which can be available at
household level, whereas the third one is only available at public stations by three phase or DC
voltage interface. The standard charging can be accessed through the normal electricity outlet
at home with the output power range of 1 to 4kW. The fast charging can also be installed at
home with an extra charge, in which the output power is between 6 and 8 kWh, depending on
the country and EV model. More detail description of these charging levels for different EV
models are presented in [75] and [100].

Additional parameters describing the battery performance are efficiencies related to the power
electronic converter and self-discharging of the battery. The latter is assumed 100% for the sake

of simplicity, while the former is ranged from 85 to 95% [75]-[76].

In this work, home charging, in contrast with the public one, is considered as the likely scenario
[39] and [77]. In this scenario, it is assumed that vehicles are connected to the grid and are
available for charging after termination of the second journey and before the start of their first

journey on the upcoming day.

Different projections related to market share of electric vehicles in the timeframe of 2010-2050
in [75] are presented. By considering the life cycle of each vehicle, the penetration level of EVs

among all on road vehicles are then obtained based on these market share projections. For



Integrating Smart Charging Electric Vehicles 132

example, for the medium penetration scenario, the share of EVs are 7%, 15% and 25% among
all on road vehicles in 2020, 2025 and 2030, respectively. Furthermore, according to [108], car
penetration level among the UK households has been increasing linearly since 1970s. With 1.2
car per household in 2008, and approximate increase of 20% per decade [108], 1.7 vehicle per
households is expected in 2030. Considering the EV share of 25% in all on road vehicles, this
leads to a probable penetration level of 43% in households for EVs in 2030. To this end, for

simplicity, we have assumed that half of households in the test network own an electric car.

The network planning is formulated according to (2.3)-(2.12), while EVs are modelled with
equations described in (5-1)-(5-11). The solution determines the scheduling profile of flexible
EVs, the extent of demand curtailment in each hour of an outage period and optimal

reinforcements of the network.

Table 5.2: Technical characteristics of EVs in base case scenario

Technical characteristics Values
pch.maz 3.3 kW
pde;maz 3.3 kW
Eeep 15 kWh
E, 0.5Ec¢e®
DoD™me* 80%
SoC™a* 100%
Ned 100%
Tleh 93%
Nde 93%

Failures on substation and feeders section for 1000 years are simulated based on three reliability
scenarios, based on the procedure explained in in Section 2.2. Due to multi-temporal constraints
associated with battery charging pattern, the computation burden is substantial. To speed up
the simulation time, therefore, voltage and reactive power constraints are relaxed in this
chapter. The distribution network with 10,000 households, as expressed in Section 2.6, is used
to examine different case studies. In addition, the network peak demand of 9.9 MW related to

non-EV appliances is applied.

In the base case scenario, all EVs are assumed inflexible with technical characteristics provided
in Table 5.2. These characteristics are in line with the discussions presented in this section.
Considering these parameters along with the equations describing inflexible operation of the

vehicles lead to the demand profile of EVs in the network, presented in Figure 5.1.
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Figure 5.1: Network demand

5.5 Case studies

As described in Section 5.3, EVs can be classified as inflexible, flexible, and flexible with V2G
capability. To quantify impact of these options on network operational and planning costs, four
different case studies are presented in this section. The first study investigates different
penetration levels of flexible EVs. In the second, the impact of the battery capacity is examined.
Different charging/ discharging power levels for EVs are considered in the third case. Finally,
the fourth case study explores the impact of charging/ discharging efficiency on the network
costs and expenditures. In all these studies, reinforcement decisions are made based on the

investment cost provided in Table 2.3.

Furthermore, similar to Chapters 3 and 4, case studies are carried out under four security
profiles, namely, N-0, N-0.25 and N-0.5 and N-0.75. Each of these profiles indicates a specific
capacity for the substation and feeders as shown in Table 5.3, where N-0 is the capacity small

enough to accommodate the peak described in Figure 5.1.

Table 5.3: Capacity of assets in security scenarios

Security scenario Substation Feeder sections
N-0 2x 6.8 MW 6.8 MW
N-0.25 2x8.5MW 8.5 MW
N-0.5 2x 10.2 MW 10.2 MW
N-0.75 2x11.9 MW 11.9 MW
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In each case study, results are benchmarked against the base case scenario, in which all EVs
are inflexible with technical specification described in Table 5.2. The annual interruption cost
in the base case is depicted in Figure 5.2. As expected, the cost is higher in scenarios with lower

reliability and security level.
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Figure 5.2: Annual interruption cost of the base case

5.5.1 Case study 1: penetration level

It is assumed that 50% of households have EV in the network. However, not all of these vehicles
are flexible during outage events. To quantify the impact of different levels of flexibility, five
scenarios for deployment of flexible EVs are considered. These scenarios are 0%, 25%, 50%,
75% and 100% flexibility deployment, where zero percent indicates that all EVs are inflexible,
charging up as they finish the second journey, whereas in 100% scenario, all EVs are willing

to reschedule their demand.

Existing network:

The level of reduction in outage costs for all penetration levels are depicted in Figures 5.3 to
5.5. As expected, the reduction is higher in lower reliability and security scenarios. The highest
decline in cost is achieved in Low reliable network, as presented in Figure 5.3. This is due to
more frequent and longer outage events that take place in this network. The reduction can be
as high as over £900 thousand in Low reliable and N-0 level for 100% penetration scenario.
Even in the High reliable network, this reduction is substantial, i.e., £80 thousand. These results

highlights the possible effect of EV flexibility on network costs.
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Figure 5.3: Expected reduction in annual interruption costs for different penetration levels in High reliable
network

The impact of the penetration level is more noticeable when security level is low. As security
increases, there is less incentive to exploit the rescheduling ability of vehicles. As a result, the

highest reduction is obtained in N-0 and the least in N-0.75 security level.
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Figure 5.4: Expected reduction in annual interruption costs for different penetration levels in Medium reliable
network
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Figure 5.5: Expected reduction in annual interruption costs for different penetration levels in Low reliable
network

Figure 5.6 to 5.8 show the annual reduction in interruption cost when flexible EVs can also
give active power back to the grid. Similar to the unidirectional case, in V2G scenarios, the
reduction is also higher when the reliability and security is lower. In addition, the increase in

deployment of flexible vehicle has higher impact when the network reliability is low.
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Figure 5.6: Expected reduction in annual interruption costs for different penetration levels in High reliable
network (with V2G option)
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Figure 5.7: Expected reduction in annual interruption costs for different penetration levels in Medium reliable
network (with V2G option)
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Figure 5.8: Expected reduction in annual interruption costs for different penetration levels in Low reliable
network (with V2G option)

Exploiting batteries to supply demand in outage events provides a substantial decrease in the
network cost with respect to when they are only considered as unidirectional loads. Taking the
extreme case of Low reliable network and N-0 level as an example, 100% deployment with
V2G capability offers £1.14 million reduction, whereas, the same case without V2G provides

£0.93 million.
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Incremental planning:

Table 5.4 shows if it is necessary to reinforce either the substation or feeders to avoid the
network interruption costs. For High reliable network, all possible reinforcements can be
prevented if at least 75% of EVs offer flexibility during network failures. For flexibility
deployment of less than 75%, there is no change in planning decisions. For Medium reliable
network, however, change in decisions appears from 25% level, where the feeder upgrade can
be avoided in N-0.5. Levels of 50% and 75% provide further cuts on required upgrades. Despite
these alterations, the amount of increase in penetration is not enough to prevent reinforcements
required in N-0 security level. This is due to the low redundancy of the network in this level

such that extra flexibility is not adequate to postpone the upgrades.

In Low reliable network, both reinforcements should be carried out in N-0 and N-0.25 levels.
Therefore, rise in the number of flexible EVs does not affect the network planning for those
levels. However, in N-0.5 and N-0.75, higher penetration level could postpone the network
upgrades. For N-0.5, this happens in 75% penetration level, while for N-0.75, it happens in
25%.

Table 5.4: Reinforcement decisions for different penetration levels when VoLL=£16.94/kWh (“S”’=substation,

“F’=Feeder)

Reliability Security 0% 25% 50% 75% 100%
scenario scenario

N-0 S F S F

N-0.25 S F S F
High

N-0.5 S F S F S F

N-0.75 S F S F S F
Medium
Low

Figure 5.9 illustrates annual network expenditure, including both costs of reinforcement and

interruptions. The expenditure is equal to the investment costs if both network upgrades are
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required. This happens when the network reliability and redundancy levels are considerably
low. For some scenarios, the network reliability is low such that increase in the number of
flexible EVs cannot make difference in planning decisions. Hence, for these cases, the total
network expenditure remains equal to the investment costs under all penetration scenarios.
Examples of that are Low reliable network in N-0 and N-0.25 levels, where all penetration
levels share the same expenditure. Nevertheless, in most other scenarios, a higher penetration
level leads to a decline in the annual network spending. The decline is more noticeable in Low
reliable network compared to High and Medium ones. This is due to the higher frequency and
longer duration of outages in Low reliable scenario, where flexibility can play a major role in
reducing the network costs. The evidence of that can clearly be noticed in Low reliable network
and N-0.5 and N-0.75, where the network expenditure is zero when all EVs are flexible. In N-
0.75 level, even 50% of penetration is enough to avoid any the network spending. This case

provides £130 thousand saving for the network operators and customers.

As network reliability increases, the saving offered by higher penetration levels decreases. For
example, for High reliable network and N-0.75 level, when all EVs are flexible, the network
expenditure is reduced by £13 thousand. This is 10 times less than what is achieved for the

same security level in Low reliable network.
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Figure 5.9: Annual network expenditure for different penetration levels when VoLL=£16.94/kWh
Apart from the ability to shift the demand in time, EV flexibility can also be interpreted as the

capability to give back their stored energy to the grid, when there is an outage in the distribution

networks. The impact of exploiting this option on network planning decisions is presented in
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Table 5.5. Comparing these decisions to those in unidirectional case (see Table 5.4) indicates
a significant improvement in postponing the network upgrades when V2G option is used.
Penetration level of 50% in Low reliable network is a good indication of this improvement,
where both reinforcements are deferred in N-0.25 level with bidirectional flow case. Another
illustration is when all EVs are flexible, where only Low reliable network with N-0 security

requires investments.

Figure 5.10 shows the network annual spending when flexible EVs have V2G capability. There
is only one scenario for V2G case, i.e., Low reliable network with N-0, where growth in the
number of flexible vehicles does not offer any saving in the network expenditure. Excluding
that, for all other scenarios, the DNO can reduce network spending by deploying more flexible
EVs. The extent of the savings here are evidently more than those achieved in Figure 5.9. For
instance, contrary to the G2V scenarios, in all security levels excluding N-0, the network

expenditure can almost be entirely avoided by 100% penetration levels when V2G capability

is used.
Table 5.5: Reinforcement decisions for different penetration levels with V2G capability when
VoLL=£16.94/kWh (“S”=substation, “F’=Feeder)
Reliability Security 0% 25% 50% 5% 100%
scenario scenario
N-0 F S F S F S F
N-0.25 S { F | S :{F | S i{F|SI|F | S F
High :
N-0.5 S | F S F S F S F S F
N-0.75 S | F S F S F S F S F
F S F
F S F
Medium
F S F
F S F

Low
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Figure 5.10: Annual network expenditure for different penetration levels with V2G capability when
VoLL=£16.94/kWh

Greenfield planning:

Optimal security level of the network, for both substation and feeder sections, under all
reliability scenarios is provided in Table 5.6. In all reliability scenarios, increase in the number
of flexible EVs has changed the optimal level. In Low and High reliable networks, it is
decreased from N-0.75 and N-0.5 to N-0.5 and N-0.25, respectively. Medium reliable network,
however, has experienced more decline where the optimal level is changed from N-0.75 to N-
0.25. Similarly, the network expenditure is reduced when flexibility increases. The most
reduction is achieved in Low reliable network, where 100% flexibility offers £170 thousand
more saving than the inflexible case. The least reduction is in High reliable network, where £50

thousand can be saved if all EVs become flexible.

Table 5.6: Optimal security level and expected annual network expenditure for different penetration levels

Reliability
. 0% 25% 50% 75% 100%
scenario
L Optimal level (N-0.75) (N-0.75) (N-0.75) (N-0.5) (N-0.5)
ow
Expenditure (£) 3.9E+05 2.8E+05 2.5E+05 2.3E+05 2.2E+05
Optimal level (N-0.75) (N-0.75) (N-0.5) (N-0.5) (N-0.25)
Medium
Expenditure (£) 2.8E+05 2.5E+05 2.4E+05 2.2E+05 2.1E+05
Hioh Optimal level (N-0.5) (N-0.5) (N-0.25) (N-0.25) (N-0.25)
1g
Expenditure (£) 2.5E+05 2.4E+05 2.3E+05 2.1E+05 2.0E+05
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Table 5.7 presents the result of Greenfield planning when EVs are considered as bidirectional
loads. The impact of flexibility here is substantially more than the previous one (Table 5.6).
This is exemplified in all three network by two level reduction of the optimal level when all

EVs are flexible.

5.5.2 Case study 2: battery capacity

Increase in energy capacity of the batteries does not change the EV operation during outages if
only unidirectional flow is allowed. This means as long as the capacity is relatively higher than
the energy requirements of journeys, its increase does not offer any advantages. However, if
V2G capability is considered, then an EV with higher stored energy could act as a bigger
storage in the network, reducing the level of demand curtailment. To quantify this impact, three
different battery sizes are considered including 15 kWh, 25 kWh and 35 kWh. The rest of the
specifications are the same as Table 5.2. Moreover, it is assumed that 50% of the EVs are

flexible with bidirectional flow, while the rest are inflexible.

Table 5.7: Optimal security level and expected annual network expenditure for different penetration levels with

V2G capability
Reliability
. 0% 25% 50% 75% 100%
scenario
L Optimal level (N-0.75) (N-0.5) (N-0.25) (N-0.25) (N-0.25)
ow
Expenditure (£) 3.9E+05 2.3E+05 2.1E+05 1.9E+05 1.8E+05
Optimal level (N-0.75) (N-0.5) (N-0.25) (N-0.25) (N-0.25)
Medium
Expenditure (£) 2.8E+05 2.2E+05 2.0E+05 1.8E+05 1.8E+05
Hish Optimal level (N-0.5) (N-0.25) (N-0.25) (N-0) (N-0)
12
Expenditure (£) 2.5E+05 2.2E+05 1.9E+05 1.8E+05 1.7E+05

Existing network:

Figures 5.11 to 5.13 illustrate the reduction in the network interruption cost with respect to the
base case when different battery sizes are considered. When the network redundancy level is
high, there are more opportunities to charge the batteries. These opportunities are times where
the demand is lower than the available network capacity. This obsoletes the need of batteries
with more stored energy level. However, when the network redundancy level is low, there are
less of those opportunities. Therefore, the batteries might need to be charged as much as

possible, in order to support the network later on. As a result, increase in the size of batteries
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decreases the network cost relatively high in scenarios with low security levels. As security
increases, this contribution diminishes to the extent that there is a negligible difference between

these battery sizes in N-0.75 level. This trend is evident in all reliability scenarios.
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Figure 5.11: Expected reduction in annual interruption costs for different battery capacities in High reliable
network (with V2G option)
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Figure 5.12: Expected reduction in annual interruption costs in respect for different battery capacities in
Medium reliable network (with V2G option)
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Incremental planning:

Table 5.8 provides planning decisions for different battery sizes. Since flexible EVs only
accounts for 15% of the network peak, the change in battery size does not have massive impact
on planning decisions, as it is evident by Table 5.8. The only change occurs in Medium reliable
network and N-0 level, where one upgrade in 25 kWh, and both upgrades in 35kWh scenario

can be postponed.

The network expenditure when optimal reinforcements are undertaken is shown in Figure 5.14.
The most reductions happen in scenarios with low security levels when reinforcements can be
avoided, while in N-0.5 and N-0.75 levels, there is no difference between different battery sizes.
In Low reliable network and N-0 level, since all cases need both network upgrades, they have

the same expenditure.
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Figure 5.13: Expected reduction in annual interruption costs in respect for different battery capacities in Low
reliable network (with V2G option)
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Table 5.8: Reinforcement decisions for different battery capacity levels of flexible EVs
with V2G capability when VoLL=£16.94/kWh (“S”=substation, “F’=Feeder)

Reliability Security 15 kWh 25 kWh 35 kWh
scenario scenario
N-0
N-0.25
High
N-0.5
N-0.75
N-0
N-0.25
Medium
N-0.5
N-0.75
N-0
N-0.25
Low
N-0.5
N-0.75
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Figure 5.14: Annual network expenditure for different battery capacities with V2G capability when
VoLL=£16.94/kWh

Greenfield planning:

The effect of the battery size on the optimal security level is minimal. As shown in Table 5.9,

only in High reliable network, the optimal level is altered. A slight reduction in network
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expenditure is also noticeable, where the maximum reduction is £30 thousand in Low reliable

network, if the battery size increase from 15 to 35 kWh.

Table 5.9: Optimal security level and expected annual network expenditure for

different battery capacities with V2G capability

Reliability
. 15 kWh 25 kWh 35 kWh
scenario
Optimal level (N-0.25) (N-0.25) (N-0.25)
Low
Expenditure (£) 2.1E+05 1.9E+05 1.8E+05
Optimal level (N-0.25) (N-0.25) (N-0.25)
Medium
Expenditure (£) 2.0E+05 1.8E+05 1.8E+05
Optimal level (N-0.25) (N-0.25) (N-0)
High
Expenditure (£) 1.9E+05 1.8E+05 1.7E+05

5.5.3 Case study 3: maximum charging/discharging power

As discussed in Section 5.4, there are three levels of charging available for most electric
vehicles, which includes standard, fast and rapid charging. Both standard and fast charging are
accessible at household level. To assess the impact of these levels, three different values of 2
kW, 3.3 kW and 6.6 kW for maximum charging and discharging power are considered, where
the first two can be classified as standard and the third as fast charging. Other specifications of
EVs are the same as Table 5.2. Additionally, it is again assumed that only 50% of vehicles are

flexible.

Existing network:

As an illustrative example, in Figure 5.15, the annual interruption cost under different
maximum charging levels for Low reliable network is presented, where only unidirectional
flow is considered. In contrast to expectation, a higher maximum charging power provides less
cost reductions. This is due to the fact that 50% of EVs are inflexible, which means they start
charging with maximum possible power as they connect to the grid. Therefore, a higher
charging power leads to a higher network peak and consequently more demand curtailments.
This effect eliminates the possible advantage of extra flexibility that is provided by higher

charging capability. However, when V2G capability is exploited for Low reliable network, as
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depicted in Figure 5.16, a slight improvement can be noticed when the rated power increases.
For instance, in N-0 level, further £15 thousand cut in the network cost can be achieved if rated

power increases from 2 to 6.6 kW.
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Figure 5.15: Expected reduction in annual interruption costs for different rated powers in Low reliable
network
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Figure 5.16: Expected reduction in annual interruption costs for different rated powers in Low reliable
network (with V2G option)



Integrating Smart Charging Electric Vehicles 148

Table 5.10: Reinforcement decisions for different rated powers when

VoLL=£16.94/kWh (“S”=substation, “F’=Feeder)

Reliability Security 2 KW 33 KW 6.6 KW
scenario scenario
N-0
N-0.25
High : : :
N-0.5 S  F S  F S | F
N-0.75 S | F S | F S | F
Medium
Low
Incremental planning:

The effect of the charging rate on planning decisions is rather insignificant. Table 5.10 and
Figure 5.17 show the reinforcement decisions and network expenditure when V2G capability
is not considered, respectively. As indicated by Table 5.10, rated power has no effect on the
planning decisions. However, it has a slight impact on the network expenditure, where it is
increased when rated power improves. These unexpected results are stemmed from the fact that

a higher rated power leads to a higher network peak and consequently higher interruption costs.

Greenfield planning:

Optimal security level for different power ratings are provided in Table 5.11. Similar to
incremental planning, there is also negligible changes in network expenditure and optimal level

in Greenfield planning.
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Figure 5.17: Annual network expenditure for different rated powers when VoLL=£16.94/kWh

Table 5.11: Optimal security level and expected annual network expenditure

for different rated powers

Reliability
. 15 kWh 25 kWh 35 kWh
scenario
Optimal level (N-0.75) (N-0.75) (N-0.75)
Low
Expenditure (£) 2.5E+05 2.5E+05 2.5E+05
Optimal level (N-0.5) (N-0.5) (N-0.5)
Medium
Expenditure (£) 2.4E+05 2.4E+05 2.5E+05
Optimal level (N-0.25) (N-0.25) (N-0.25)
High
Expenditure (£) 2.2E+05 2.3E+05 2.3E+05

5.5.4 Case study 4: battery efficiency

As stated in Section 5.4, the battery charging and discharging efficiency is mostly ranged from
85% to 95%. To assess the impact of this parameter on unidirectional and bidirectional
performance of the batteries, three scenarios with efficiency of 85%, 90% and 95% are
proposed. Since this parameter is related to the efficiency of the power electronic converter, it
is assumed that the charging and discharging efficiency is the same in scenarios with V2G

capability. Other parameters are the same as Table 5.2 with 50% flexible EVs in the network.
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In this section only planning studies with V2G capability are presented, as for these cases, the

impact of efficiency level is more noticeable.

Existing network:

Figures 5.18 to 5.20 present the reduction in annual costs with respect to the base case for all
reliability and security scenarios. In all three graphs, increasing the network security level
lessens benefits of the higher efficient batteries. For example, when the security is low, e.g. N-
0, the impact is noticeable, while in high security level, e.g. N-0.75, the difference is negligible.
The effect of efficiency on network costs should be observed from peak demand point of view
rather than energy consumption, where higher efficiency decreases the peak as well as the
energy consumption. When network redundancy is low, demand flexibility has less room to
reduce the peak, while in high redundancy level, the demand can easily be shifted from peak to
off peak hours. Hence, a lower peak stemmed from high efficiency of batteries has more impact
in low security levels. The highest benefit in batteries with better efficiency is achieved in Low

reliable network due to its longer and more frequent outages.
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m85% 590% 95%

Figure 5.18: Expected reduction in annual interruption costs for different efficiency levels in High reliable
network
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Figure 5.19: Expected reduction in annual interruption costs for different efficiency levels in Medium reliable
network
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Figure 5.20: Expected reduction in annual interruption costs for different efficiency levels in Low reliable
network

When batteries are also used as storage devices, the impact of the efficiency increases
significantly due to its role in both charging and discharging. Moreover, since batteries are used
as storage devices, the frequency of charging and discharging rises significantly to alleviate the
outage consequences. The extent of the impact is illustrated in Figures 5.21 to 5.23 for all
reliability scenarios. Taking Low reliable network and N-0 level as an example, as depicted in

Figure 5.23, the improvement from efficiency level of 85% to 95%, could potentially decrease
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the network costs by £180 thousand. For the same reliability level but with other security levels,
however, efficiency improvement does not offer additional gains. This happens because
between those cases, the only difference is in energy consumption level, while the network

peak and curtailment extents are almost the same.
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Figure 5.21: Expected reduction in annual interruption costs for different efficiency levels in High reliable
network (with V2G option)
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Figure 5.22: Expected reduction in annual interruption costs for different efficiency levels in Medium reliable
network (with V2G option)
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Figure 5.23: Expected reduction in annual interruption costs for different efficiency levels in Low reliable
network (with V2G option)

Table 5.12: Reinforcement decisions for different efficiency levels with V2G capability
when VoLL=£16.94/kWh (“S”=substation, “F’=Feeder)

Reliability Security
scenario scenario

N-0

85% 90% 95%

N-0.25
High
N-0.5

N-0.75

N-0

N-0.25
Medium
N-0.5

N-0.75

N-0

N-0.25
Low
N-0.5

N-0.75
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Incremental planning:

Table 5.12 presents required network upgrades when bidirectional flow for EVs are considered.
Based on these results, only in Low reliable network and N-0.25 level, efficiency improvement

has been able to postpone a reinforcement.

Figure 5.24 shows annual network expenditure when V2G capability is taken into account.
Results indicate insignificant differences in network expenditure between these efficiency

levels.
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Figure 5.24: Annual network expenditure for different efficiency levels with V2G capability when
VoLL=£16.94/kWh

Table 5.13: Optimal security level and expected annual network expenditure for

different efficiency levels with V2G capability

Reliability
. 85% 90% 95%
scenario
Optimal level (N-0.5) (N-0.25) (N-0.25)
Low
Expenditure (£) 2.2E+05 2.1E+05 2.1E+05
Optimal level (N-0.5) (N-0.25) (N-0.25)
Medium
Expenditure (£) 2.0E+05 1.6E+05 1.6E+05
Optimal level (N-0.5) (N-0.5) (N-0.5)
High
Expenditure (£) 1.9E+05 1.9E+05 1.9E+05
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Greenfield planning

Optimal security level and network expenditure under different efficiency levels are provided
in Table 5.13. Increasing the efficiency has no impact on High reliable network, since this
network is sufficiently reliable itself. Improving the efficiency from 85% to 90%, however, has
changed the optimal level in both Low and Medium reliable networks. The network expenditure
has also reduced for those two cases. This highlights the importance of the efficiency on

Greenfield planning where it has the potential to change the optimal security level.

5.6 Conclusions

This chapter has focused on implications of EVs as suitable time-coupling technology on
distribution network planning and operation. This means that EVs support the network through
failures by rescheduling their consumption and/ or supplying active power. Therefore, DNOs
are able to reduce the network operational costs, and consequently cut the network expenditure

by avoiding costly investments.

To investigate the extent of the EV implications thoroughly, four case studies have been
explored. These studies have focused on quantifying the impact of different EV parameters on
the examined distribution network. In each case, EVs are modelled both as unidirectional and

bidirectional loads, where in the latter EVs can feed power back to the grid.

In all case studies, an additional flexibility provided by EVs has offered more cost reduction in
scenarios with a lower reliability and security level. However, in relatively reliable networks,

there is less incentive to exploit the flexibility.

Furthermore, in each case, considering the V2G potential has led to a substantial improvement
in results. This is due to EVs’ ability to reduce loads curtailment massively by supplying power
to the network. The impact of V2G capability is more noticeable in planning decisions, where
most reinforcements can be postponed in the penetration level and battery capacity studies, if

sufficient flexibility is exploited.

It is also worth mentioning that the battery efficiency and rated power have moderate effect on
the network, especially on planning decisions where impact is insignificant. Furthermore,
improving the efficiency of batteries have more benefit if V2G capability is taken into account.

This is due to involvement of this parameter in both charging and discharging processes.



Chapter 6

Conclusions and Further Work

6.1 Conclusions and summary of the achievements

In realisation of future power systems, the role of demand flexibility has been gaining
significant interest. Planning and design of distribution networks is one of the aspects of power
systems that could benefit from these flexibilities. In this context, the demand technologies
associated with the ability of loads to be curtailed or rescheduled in time in response to the
operation restrictions of network are the focus of this work. These technologies can be
integrated in the network design by considering customers’ valuation of supply. This valuation
accounts for customers’ costs in regard to curtailing or shifting loads. In the former, each user
has an opportunity to reflect his own preferences, perceptions and energy requirements by
declaring a specific marginal benefit function. This function shows how much each customer
value each unit of supplied energy, providing differentiated reliability per customer and per
energy unit in the distribution network. In the latter, however, time coupling technologies
enable customers to redistribute the energy without losing the demand in network
contingencies. These technologies can be modelled through technical constraints as well as the
discomfort cost imposed on users. If such demand flexibilities are employed, it could
potentially have substantial economic, technical and environmental impacts on the distribution

networks.

This research proposes, analyses and tests novel models describing customers’ differentiated
supply valuation by reflecting costs imposed on them during network interruptions. First, a
framework is provided to consider random nature of network failures by using SMC

techniques. This framework also enables DNOs to lay out an equitable charging mechanism to
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collect the entire allowed revenue. The customers’ differentiated reliability and time coupling
technologies are employed in this framework to assess their impact on the distribution network

planning and operation.

To that end, the original contributions of this research are related to development, analysis and
quantification of proposed models, methods and methodologies in the context of reliability

planning of distribution networks. These contributions are

-An optimisation problem based on SMC simulations is proposed to take into account the
random nature of failures in the network. Failures on both substation and feeder section are
modelled for 1000 years under three reliability scenarios. This optimisation also contains
detailed models of customers’ preferences, technical and operation requirements of different
appliances, and the network constraints. This problem facilitates quantifying the impact of
proposed models and techniques on network operation and design, where both incremental and

Greenfield planning are explored.

-Modelling customers’ differentiated reliability in domestic sector. Current practice in
distribution network planning assumes that all customers within a sector have the same fixed
valuation measured by VoLL, which is an average value obtained through extensive surveys.
This assumption ignores the individual user’s requirements, preferences and perceptions
regarding energy use. To quantify the implications of integrating this differentiation between
customers, five different classes of customers each characterised by a specific VoLL are
proposed. Results indicate that the network expenditure and customer interruption costs are
highly dependent on VoLL of customers with low reliability valuation. Therefore, if valuation
of these classes decreases, the network expenditure also declines. The changes are also evident
in planning decisions where more reinforcements can be postponed and lower redundancy
levels are required when there is higher disparity between these classes. This differentiation is
also reflected on customer charges, where those with lower reliability have contributed less in

the network costs.

-Modelling differentiated valuation of supply per unit of supplied energy. This modelling
reflects the fact that customers do not value all units of supplied energy equally. This is in
contrast to the traditional reliability valuation, where all loads are assumed to have the same
value to customers. In reality, however, the first units of energy, serving critical loads such as

lighting and heating, are valued more than additional units of energy serving non-critical loads,
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the operation of which can be cancelled or postponed, such as washing machines and
dishwashers. In this work, this differentiation has been reflected by customers’ marginal benefit
function, where this function specifies distribution of loads within a household from the
reliability point of view. Different candidates for the marginal benefit function are proposed
based on a generic quadratic formulation, each reflecting a specific distribution of supply
valuation over all units of energy. These functions are then employed in planning stage to
evaluate their impact on network upgrade and investment decisions. Results reveal that
customer interruption costs are reduced substantially compared to the traditional assumption
of uniform supply valuation, since supply interruption of the non-critical part of customers’
demand is prioritised during network failures, particularly for the function with considerable
level of low valued loads. Consequently, the need for capital-intensive network reinforcements
is limited and the total network expenditure is decreased. Additionally, in Greenfield planning,
it is shown that the flexibility provided by modelling differentiated reliability can replace

network redundancy.

-A charging scheme based on LMP is proposed in distribution networks such that the entire
allowed revenue of DNOs could be collected. In addition, this structure provides an equitable
treatment of users, where those with a higher reliability experience a better service at the
expense of higher network charges. The LMP is acquired through the optimisation problem
and is based on Lagrangian multipliers associated with power balance constraint at each node
of the network. To achieve full recovery of network costs by this scheme, we have introduced
a constant factor in network charges deployed during network failures. This factor increases/
decreases the actual price of each node in the network proportional to LMP obtained from the
optimisation problem. The role of this factor is to ensure the full recovery of DNOs’ allowed
revenue. Assuming there is no fixed term, the value is lower than one for under-investment and
greater than one for over-investment conditions. Network charges for a case with only
differentiated supply valuation between customers and a case with both between customers and
units of supply energy are provided. In both cases, customers with higher reliability have
contributed more in the network costs. However, disparity of charges between customer classes
in the latter case is less than the former. This is due to the fact that in the case study with unit
differentiation, loads with high valuation of supply from low reliable customer classes are
prioritised over those with low valuation but from high reliable classes. This decreases the

difference in the energy consumption and consequently charges of different user classes.
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-Integrating specific operation of time-coupling technologies and their valuation of supply in
network planning. These technologies provide the opportunity for DNOs to redistribute the
energy in time instead of reducing the demand. In this thesis, customer discomfort is modelled
as a cost based on timing and amount of shifted loads. To examine these time-coupling loads,
WAs and EVs are considered due to their extent of use and projected high deployment,
respectively. For WAs, different shifting costs are proposed to measure implications of
different levels of customer flexibility. The shifting cost is defined based on maximum
deferrable time that a user is willing to accept, where initiating the load after that time is
equivalent to losing that load. To assess the impact of these flexibilities, different scenarios
related to the penetration level of the deferrable appliances, maximum delay and shifting costs
have been investigated. Results have shown promising reductions in network expenditure in
most scenarios, if deferability of WAs are taken into account. Moreover, for few cases,
additional flexibility has affected the network planning decisions. This is remarkable since

WASs only account for 16% of the peak demand.

For EVs, rescheduling the charging/ discharging pattern mostly does not affect customers’
experience, assuming there is sufficient stored energy for travel requirements. Since the battery
capacity is considerably higher than the required journey energy, we have assumed that travel
requirements are respected, guaranteed by employing necessary constraints in the optimisation

problem.

In all of these case studies, an additional flexibility provided by EVs has offered more cost
reduction in scenarios with a lower reliability and security level. However, in relatively reliable
networks, there is less incentive to exploit the flexibility. Furthermore, in each case,
considering the V2G potential has led to a substantial improvement in results. This is due to
EVs’ ability to reduce loads curtailment massively by supplying power to the network. The
impact of V2G capability is more noticeable in planning decisions, where most reinforcements
can be postponed in penetration level and battery capacity studies, if sufficient flexibility is

exploited.

It is also worth mentioning that the battery efficiency and rated power have moderate effect on
the network, especially on planning decisions where the impact is insignificant. Furthermore,
improving the efficiency of batteries have more benefit if V2G capability is taken into account.

This is due to involvement of this parameter in both charging and discharging processes.
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6.2 Further work

6.2.1 Quantifying the impact of losses in the network design

One of the objective in power system planning is to minimise the network losses. Losses
impose additional costs to the system operators, which they pass on to customers through
network charges. Since in this work, the optimisation problem accounts only network failures,
it disregards large segment of losses that are associated with the normal operation conditions

of the network.

The impact of losses is more significant when demand flexibilities are involved in the network
operation, where shifting loads to after failure periods generates several spikes in the demand.
These spikes lead to a substantial increase in the network losses. Examples of this condition
are provided in operation of wet appliances in Chapter 4, where there are several demand peaks

after failure clearance in different case studies.

To capture the impact of the entire network losses, a more generic formulation that constitutes
all operation times (both normal and outages) are required for the optimisation problem.
Furthermore, the network losses should be represented by a cost term in the objective function.
This term could be defined based on the marginal generation cost (wholesale market price
multiplied with the losses). Implementation of such an objective function also paved the way
for deployment of demand flexibility to improve steady state operation of the network, where

losses are reduced as a result.

6.2.2 Developing a suitable utility function for EVs

As discussed, rescheduling EVs does not have any consequences for the users if it does not
affect their journeys. Since this work assumes that the users’ traveling arrangements are
respected through constraints, there is always sufficient stored energy in the EV batteries to
take those journeys. However, in reality, the travel requirement might be affected by the smart
charging of EVs causing customers’ discomfort. This discomfort should be considered in the
optimisation problem. One method to accomplish this is to define a utility function based on
energy and timing requirements of the journeys, where individual user circumstances are taken
into account. The impact of this function on the network operation and planning should then

be quantified through extensive case studies.
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6.2.3 Modelling customers’ valuation of heating appliances

In this research, the customer valuation of wet appliances and EVs are modelled and their
implications on distribution network planning are explored. Heat appliances such as electric
heat pump will have a considerable share of demand in the future and they exhibit high potential
flexibility behaviours as well. Firstly, EHP could have explicit heat storage (hot water tank),
enabling them to store the energy in one time and consume it in another time. This kind of
flexibility does not affect users’ comfort. Secondly, heat appliances operation is subject to a
desired temperature set by the user. Instead of a specific value, this temperature can be set
within a range, reflecting a consumer’s flexibility. Therefore, during an outage, the temperature
can reach the maximum value when the demand is low to avoid extra charges later when the
demand increases. This type of flexibility affect consumers’ comfort and it should be modelled
by a suitable cost function that depend on the actual temperature and the user-defined range.
The third type of flexibility is called preheating strategy, where the space is heated in advance
when the user is not there to reach an acceptable temperature when the user returns. This
flexibility can also be applied during network failures and its impact on consumers’ comfort
should be investigated. Assuming a proper model is in place to reflect these flexibilities,
appropriate case studies should then be carried out to measure the extent of their impact on

distribution network planning and design.

6.2.4 Impact of uncertainties on the network operation and planning

As we discussed in this work, the operation and planning of distribution network relies on
accurate modelling of uncertainties and random behaviours. In this work, however, only
failures are modelled accordingly. In reality, demand level, VoLL, customers’ flexibility,
proposed cost functions and EVs traveling requirements are all subject to some level of
uncertainties, which can alter operation and planning of the network substantially. A more
generic problem formulation and flexibility modelling that considers different possible

scenarios are required to capture these uncertainties.



Bibliography

[1]
[2]

[3]
[4]

[5]

[6]

[7]

[8]
[9]

[10]

[11]

[12]

[13]

U. K. Parliament, “Climate change act 2008,” London, UK, 2008.

P. UNION, “DIRECTIVE 2009/28/EC OF THE EUROPEAN PARLIAMENT AND
OF THE COUNCIL of 23aApril 2009 on the promotion of the use of energy from

renewable sources and amending and subsequently repealing Directives 2001/77/EC
anda2003/30/EC.” EC, 2009.

R. Smith, “UK Future Energy Scenarios,” Technical report, National Grid, 2013.

C. K. Gan, “Investigation of the impact of electrifying transport and heat sectors on the
UK distribution networks,” 2011.

U. K. Dti, “Meeting the energy challenge: A white paper on energy,” 2007.

D. BERR, “Investigation into the Scope for the Transport Sector to Switch to Electric
Vehicles and Plug-In Hybrid Vehicles,” Dep. Bus. Enterp. Regul. Reform (BERR), Dep.
Transp. London, United Kingdom, 2008.

N. Tanaka, “Technology roadmap: Electric and plug-in hybrid electric vehicles,” Int.
Energy Agency, Tech. Rep, 2011.

Department of Energy and Climate Change, “2050 Pathways Analysis,” 2010.

A. A. Sallam and O. P. Malik, “Demand-Side Management and Energy Efficiency,”
Electr. Distrib. Syst., pp. 433—468, 2011.

M. H. Albadi and E. F. El-Saadany, “A summary of demand response in electricity
markets,” Electr. power Syst. Res., vol. 78, no. 11, pp. 1989-1996, 2008.

G. Strbac, “Demand side management: Benefits and challenges,” Energy Policy, vol.
36, no. 12, pp. 44194426, 2008.

“Low Carbon London.” [Online]. Available: http://www.imperial.ac.uk/electrical-
engineering/research/control-and-power/research/low-carbon-london/.

Energy Networks Association, Engineering Recommendation P2/6. 2006.



Bibliography 163

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

“Quality of Service Incentives,” Ofgem. [Online]. Available:
https://www.ofgem.gov.uk/.

S. Burns and G. Gross, “Value of service reliability,” IEEE Trans. Power Syst., vol. 5,
no. 3, pp. 825-834, 1990.

R.-L. Chen, K. Allen, and R. Billinton, “Value-based distribution reliability assessment
and planning,” IEEE Trans. Power Deliv., vol. 10, no. 1, pp. 421-429, 1995.

K. K. Kariuki and R. N. Allan, “Evaluation of reliability worth and value of lost load,”
Gener. Transm. Distrib. IEE Proceedings-, vol. 143, no. 2, pp. 171-180, 1996.

K. K. Kariuki and R. N. Allan, “Applications of customer outage costs in system
planning, design and operation,” Gener. Transm. Distrib. IEE Proceedings-, vol. 143,
no. 4, pp. 305-312, 1996.

R. Billinton and P. Wang, “Reliability worth of distribution system network
reinforcement considering dispersed customer cost data,” IEE Proceedings-Generation,
Transm. Distrib., vol. 146, no. 3, pp. 318-324, 1999.

R. Ghajar, R. Billinton, and E. Chan, “Distributed nature of residential customer outage
costs,” IEEE Trans. Power Syst., vol. 11, no. 3, pp. 12361244, 1996.

A. Jonnavithula and R. Billinton, “Features that influence composite power system
reliability worth assessment,” IEEE Trans. Power Syst., vol. 12, no. 4, pp. 1536-1541,
1997.

A.J. Praktiknjo, A. Hihnel, and G. Erdmann, “Assessing energy supply security: Outage
costs in private households,” Energy Policy, vol. 39, no. 12, pp. 7825-7833, 2011.

S. Junlakarn and M. Ilic, “Distribution System Reliability Options and Utility Liability,”
IEEE Trans. Smart Grid, vol. 5, no. 5, pp. 2227-2234, 2014.

M. J. Sullivan, B. N. Suddeth, T. Vardell, and A. Vojdani, “Interruption costs, customer
satisfaction and expectations for service reliability,” IEEE Trans. Power Syst., vol. 11,
no. 2, pp. 989-995, 1996.

A. Mas-Colell, M. D. Whinston, and J. R. Green, Microeconomic theory, vol. 1. Oxford
university press New York, 1995.

F. C. Schweppe, M. C. Caramanis, R. D. Tabors, and R. E. Bohn, Spot pricing of
electricity. Springer Science & Business Media, 1988.

M. Fahrioglu and F. L. Alvarado, “Using utility information to calibrate customer
demand management behavior models,” IEEE Trans. Power Syst., vol. 16, no. 2, pp.
317-322, 2001.

E. Bompard, Y. Ma, R. Napoli, and G. Abrate, “The demand elasticity impacts on the
strategic bidding behavior of the electricity producers,” IEEE Trans. Power Syst., vol.
22, no. 1, pp. 188-197, 2007.

I. Sharma, K. Bhattacharya, and C. Canizares, “Smart distribution system operations



Bibliography 164

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

with price-responsive and controllable loads,” IEEE Trans. Smart Grid, vol. 6, no. 2, pp.
795-807, 2015.

P. Samadi, H. Mohsenian-Rad, R. Schober, and V. W. S. Wong, “Advanced demand
side management for the future smart grid using mechanism design,” IEEE Trans. Smart
Grid, vol. 3, no. 3, pp. 1170-1180, 2012.

G. Tsagarakis, R. Camilla Thomson, A. J. Collin, G. P. Harrison, A. E. Kiprakis, and S.
McLaughlin, “Assessment of the Cost and Environmental Impact of Residential
Demand-Side Management,” IEEE Trans. Ind. Appl., vol. 52, no. 3, pp. 2486-2495,
2016.

G. Strbac et al., “Benefits of Advanced Smart Metering for Demand Response based
Control of Distribution Networks,” ENA/SEDG/Imperial Coll. Rep. Benefits Adv. Smart
Metering (Version 2.0)(Energy Networks Assoc. London, 2010), p. 49, 2010.

A. Safdarian, M. Fotuhi-Firuzabad, and M. Lehtonen, “Benefits of demand response on
operation of distribution networks: a case study,” IEEE Syst. J., vol. 10, no. 1, pp. 189—
197, 2016.

A. Safdarian, M. Lehtonen, M. Fotuhi-Firuzabad, and R. Billinton, “Customer
interruption cost in smart grids,” IEEE Trans. Power Syst., vol. 29, no. 2, pp. 994-995,
2014.

D. Papadaskalopoulos and G. Strbac, “Nonlinear and Randomized Pricing for
Distributed Management of Flexible Loads,” IEEE Trans. Smart Grid, vol. 7, no. 2, pp.
11371146, 2016.

A. L. A. Syrri and P. Mancarella, “Reliability and risk assessment of post-contingency
demand response in smart distribution networks,” Sustain. Energy, Grids Networks, vol.
7, pp- 1-12, 2016.

K. McKenna and A. Keane, “Residential Load Modeling of Price-Based Demand
Response for Network Impact Studies,” IEEE Trans. Smart Grid, vol. 7,no. 5, pp. 2285—
2294, 2016.

L. P. Fernandez et al., “Assessment of the Impact of Plug-in Electric Vehicles on
Distribution Networks,” vol. 26, no. 1, pp. 206-213, 2011.

C. Binding, “Flexible Charging Optimization for Electric Vehicles Considering
Distribution Grid Constraints,” vol. 3, no. 1, pp. 26-37, 2012.

K. Clement-nyns, E. Haesen, J. Driesen, S. Member, and J. Driesen, “The impact of
charging plug-in hybrid electric vehicles on a residential distribution grid,” IEEE Trans.
Power Syst., vol. 25, no. 1, pp. 371-380, 2010.

“Charging arrangements,” Ofgem. [Online]. Available: https://www.ofgem.gov.uk.

“Distribution Connection and Use of System Agreement.” [Online]. Available:
https://www.dcusa.co.uk.

K. Alvehag and L. Soder, “Risk-based method for distribution system reliability



Bibliography 165

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]

investment decisions under performance-based regulation,” IET Gener. Transm.
Distrib., vol. 5, no. 10, pp. 1062-1072, 2011.

K. Alvehag and L. Soder, “Financial risk assessment for distribution system operators
regulated by quality regulation,” Probabilistic Methods Appl. to Power Syst. (PMAPS),
IEEE 11th Int. Conf-, pp. 475480, 2010.

W. Li, Reliability assessment of electric power systems using Monte Carlo methods.
Springer Science & Business Media, 2013.

D. Kirschen and G. Strbac, Fundamentals of Power System Economics. John Wiley &
Sons, Ltd, 2005.

D. Papadaskalopoulos and G. Strbac, “Decentralized participation of flexible load
appliances in electricity markets,” IEEE Grenoble Conf. PowerTech, POWERTECH,
2013.

A. J. Conejo, E. Castillo, R. Minguez, and F. Milano, “Locational marginal price
sensitivities,” IEEE Trans. Power Syst., vol. 20, no. 4, pp. 2026-2033, 2005.

J. Hao, Y. Gu, Y. Zhang, J. J. Zhang, and D. W. Gao, “Locational marginal pricing in
the campus power system at the power distribution level,” Power and Energy Society
General Meeting (PESGM). pp. 1-5, 2016.

Z. Yuan, M. R. Hesamzadeh, and D. Biggar, “Distribution Locational Marginal Pricing
by Convexified ACOPF and Hierarchical Dispatch,” IEEE Trans. Smart Grid, vol. PP,
no. 99, p. 1, 2016.

S. Huang, Q. Wu, S. S. Oren, R. Li, and Z. Liu, “Distribution Locational Marginal
Pricing Through Quadratic Programming for Congestion Management in Distribution
Networks,” IEEE Trans. Power Syst., vol. 30, no. 4, pp. 2170-2178, 2015.

C. Pang, P. Dutta, and M. Kezunovic, “BEVs/PHEVs as dispersed energy storage for
V2B uses in the smart grid,” IEEE Trans. Smart Grid, vol. 3, no. 1, pp. 473—-482, 2012.

M. F. Shaaban, M. H. Ahmed, T. H. M. EL-Fouly, and M. M. A. Salama, “Impact of
integrating PEV and renewable sources on power system reliability assessment,” Electr.
Power Energy Convers. Syst. (EPECS), 2015 4th Int. Conf., pp. 1-6, 2015.

C.X. Wu, C. Y. Chung, F. S. Wen, and D. Y. Du, “Reliability/cost evaluation with pev
and wind generation system,” IEEE Trans. Sustain. Energy, vol. 5, no. 1, pp. 273-281,
2014.

N. Z. Xu and C. Y. Chung, “Reliability evaluation of distribution systems including
vehicle-to-home and vehicle-to-grid,” IEEE Trans. Power Syst., vol. 31, no. 1, pp. 759—
768, 2016.

H. Farzin, M. Moeini-Aghtaie, and M. Fotuhi-Firuzabad, “Reliability Studies of
Distribution Systems Integrated With Electric Vehicles Under Battery-Exchange
Mode,” IEEE Trans. Power Deliv., vol. 31, no. 6, pp. 2473-2482, 2016.

J. R. Ubeda and R. N. Allan, “Sequential simulation applied to composite system



Bibliography 166

[58]

[59]

[60]

[61]

[62]

[63]

[64]

[65]

[66]

[67]

[68]

[69]

[70]

[71]

[72]

reliability evaluation,” IEE Proc. C-Generation, Transm. Distrib., vol. 139, no. 2, pp.
81-86, 1992.

C. Marantes, G. Strbac, and R. Allan, “Sequential Monte Carlo Simulation Assessment
of the Quality of Supply in Distribution Networks,” Int. Conf. Probabilistic Methods
Appl. to Power Syst., pp. 1-6, 2006.

R. N. Allan, R. Billinton, I. Sjarief, L. Goel, and K. S. So, “A reliability test system for
educational purposes-basic distribution system data and results,” /EEE Trans. Power
Syst., vol. 6, no. 2, pp. 813—820, 1991.

W.-M. Lin, T.-S. Zhan, and C.-D. Yang, “Distribution system reliability worth analysis
with the customer cost model based on RBF neural network,” IEEE Trans. Power Deliv.,
vol. 18, no. 3, pp. 1015-1021, 2003.

Palisade, “@RISK.” [Online]. Available: http://www.palisade.com/risk/.

FICO, “FICO XPRESS.” [Online]. Available:
http://www.fico.com/en/Products/DMTools/ Pages/FICO-Xpress-Optimization-
Suite.aspx.

London Economics, “The Value of Lost Load (VoLL) for Electricity in Great Britain:
Final report for OFGEM and DECC,” no. July, pp. 1-225, 2013.

J. R. Schofield, “Dynamic Time-of-Use electricity pricing for residential Demand
Response: Design and analysis of the Low Carbon London smart metering trial,”
Imperial College London, 2015.

S. Frank and S. Rebennack, “A primer on optimal power flow: theory, formulation, and
practical examples,” Color. Sch. Mines, Tech. Rep, 2012.

A. Vojdani, “Smart integration,” IEEE Power Energy Mag., vol. 6, no. 6, pp. 71-79,
2008.

V. Silva, V. Stanojevic, D. Pudjianto, and G. Strbac, “Value of Smart Domestic
Appliances in Stressed Electricity Networks, Part 1,” 2009.

M. Humayun, A. Safdarian, M. Ali, M. Z. Degefa, and M. Lehtonen, “Optimal capacity
planning of substation transformers by demand response combined with network
automation,” Electr. Power Syst. Res., vol. 134, pp. 176-185, 2016.

A. L. A. Syrri and P. Mancarella, “Reliability evaluation of demand response to increase
distribution network utilisation,” Probabilistic Methods Appl. to Power Syst. (PMAPS),
2014 Int. Conf., pp. 1-6, 2014.

R. Yao and K. Steemers, “A method of formulating energy load profile for domestic
buildings in the UK,” Energy Build., vol. 37, no. 6, pp. 663—-671, 2005.

I. Cobelo, “Active Control of Distribution Networks,” The University of Manchester,
2005.

R. Stamminger, “Synergy Potential of Smart Domestic Appliances in Renewable Energy



Bibliography 167

[73]

[74]

[75]

[76]

[77]

[78]

[79]

[80]

[81]

[82]

[83]

[84]

[85]

[86]

[87]

Systems, ed. University of Bonn.” Shaker Verlag, Aachen, 2009.

D. Papadaskalopoulos, “A mechanism for decentralized participation of flexible demand
in electricity markets,” Imperial College London, 2013.

SMMT, “Car Registration Data.” [Online]. Available: http://www.smmt.co.uk/.

M. Duvall, E. Knipping, M. Alexander, L. Tonachel, and C. Clark, “Environmental
Assessment of Plug-In Hybrid Electric Vehicles,” EPRI, July, vol. 1, 2007.

W. Kempton and J. Tomi, “Vehicle-to-grid power fundamentals : Calculating capacity
and net revenue,” J. Power Sources, vol. 144, no. 1, pp. 268-279, 2005.

B. Dietz, K.-H. Ahlert, A. Schuller, and C. Weinhardt, “Economic benchmark of
charging strategies for battery electric vehicles,” PowerTech, 2011 IEEE Trondheim,
pp. 1-8, 2011.

Y. He, B. Venkatesh, S. Member, and L. Guan, “Optimal Scheduling for Charging and
Discharging of Electric Vehicles,” IEEE Trans. Smart Grid, vol. 3, no. 3, pp. 1095—
1105, 2012.

M. Yilmaz and P. T. Krein, “Review of Battery Charger Topologies , Charging Power
Levels , and Infrastructure for Plug-In Electric and Hybrid Vehicles,” IEEE Trans.
Power Electron., vol. 28, no. 5, pp. 2151-2169, 2013.

K. Qian, C. Zhou, M. Allan, and Y. Yuan, “Modeling of load demand due to EV battery
charging in distribution systems,” /[EEE Trans. Power Syst., vol. 26, no. 2, pp. 802—-810,
2011.

M. A. S. Masoum, P. S. Moses, and S. Hajforoosh, “Distribution transformer stress in
smart grid with coordinated charging of plug-in electric vehicles,” IEEE PES Innov.
Smart Grid Technol. ISGT 2012, pp. 1-8, 2012.

C. B. Toepfer, “Charge! EVs power up for the long haul,” IEEE Spectr., vol. 35, no. 11,
pp. 4147, 1998.

C. Guille and G. Gross, “A conceptual framework for the vehicle-to-grid (V2G)
implementation,” Energy Policy, vol. 37, no. 11, pp. 43794390, 2009.

B. Joa, F. J. Soares, and P. M. R. Almeida, “Integration of Electric Vehicles in the
Electric Power System,” Proc. IEEE, vol. 99, no. 1, pp. 168—183, 2011.

M. Yilmaz and P. T. Krein, “Review of the Impact of Vehicle-to-Grid Technologies on
Distribution Systems and Utility Interfaces,” vol. 28, no. 12, pp. 5673-5689, 2013.

S. B. Peterson, J. F. Whitacre, and J. Apt, “The economics of using plug-in hybrid
electric vehicle battery packs for grid storage,” J. Power Sources, vol. 195, no. 8, pp.
23772384, 2010.

A. Brooks and S. H. Thesen, “PG&E and Tesla Motors: Vehicle to grid demonstration
and evaluation program,” Proc. 23rd Elect. Veh. Symp, pp. 1-10, 2007.



Bibliography 168

[88]

[89]

[90]

[91]

[92]

[93]

[94]

[95]

[96]

[97]

[98]

[99]

[100]

[101]

[102]

A.Y. Saber, G. K. Venayagamoorthy, and S. Member, “Unit commitment with vehicle-
to-Grid using particle swarm optimization,” 2009 IEEE Bucharest PowerTech. pp. 1-8,
20009.

W. Kempton and J. Tomi¢, “Vehicle-to-grid power implementation: From stabilizing
the grid to supporting large-scale renewable energy,” J. Power Sources, vol. 144, no. 1,
pp- 280294, 2005.

J. Tomi¢ and W. Kempton, “Using fleets of electric-drive vehicles for grid support,” J.
Power Sources, vol. 168, no. 2, pp. 459—468, 2007.

E. Sortomme and M. A. El-sharkawi, “Optimal Scheduling of Vehicle-to-Grid Energy
and Ancillary Services,” IEEE Trans. Smart Grid, vol. 3, no. 1, pp. 351-359, 2012.

E. Sortomme and M. A. El-Sharkawi, “Optimal charging strategies for unidirectional
vehicle-to-grid,” IEEE Trans. Smart Grid, vol. 2, no. 1, pp. 131-138, 2011.

A.Y. Saber and G. K. Venayagamoorthy, “Resource scheduling under uncertainty in a
smart grid with renewables and plug-in vehicles,” IEEE Syst. J., vol. 6, no. 1, pp. 103—
109, 2012.

E. Sortomme and M. A. El-Sharkawi, “Optimal combined bidding of vehicle-to-grid
ancillary services,” IEEE Trans. Smart Grid, vol. 3, no. 1, pp. 70-79, 2012.

A. T. Al-Awami and E. Sortomme, “Coordinating vehicle-to-grid services with energy
trading,” IEEE Trans. Smart Grid, vol. 3, no. 1, pp. 453462, 2012.

C. Jin, J. Tang, and P. Ghosh, “Optimizing electric vehicle charging with energy storage
in the electricity market,” IEEE Trans. Smart Grid, vol. 4, no. 1, pp. 311-320, 2013.

M. E. Khodayar, L. Wu, and M. Shahidehpour, “Hourly coordination of electric vehicle
operation and volatile wind power generation in SCUC,” IEEE Trans. Smart Grid, vol.
3, no. 3, pp. 1271-1279, 2012.

W. Su and M.-Y. Chow, “Performance evaluation of an EDA-based large-scale plug-in
hybrid electric vehicle charging algorithm,” /IEEE Trans. Smart Grid, vol. 3, no. 1, pp.
308-315, 2012.

M. Gitizadeh, A. A. Vahed, and J. Aghaei, “Multistage distribution system expansion
planning considering distributed generation using hybrid evolutionary algorithms,”
Appl. Energy, vol. 101, pp. 655666, 2013.

S. Hutterer, M. Affenzeller, and F. Auinger, “Evolutionary optimization of multi-agent
controlstrategies for electric vehicle charging,” Proc. 14th Annu. Conf. companion
Genet. Evol. Comput., pp. 3—10, 2012.

Y. Xu and F. Pan, “Scheduling for charging plug-in hybrid electric vehicles,” 2012 I[EEE
S1st IEEE Conf. Decis. Control, pp. 2495-2501, 2012.

C. Pang, P. Dutta, S. Kim, M. Kezunovic, and I. Damnjanovic, “PHEVs as dynamically
configurable dispersed energy storage for V2B uses in the smart grid,” Power Gener.
Transm. Distrib. Energy Convers. (MedPower 2010), 7th Mediterr. Conf. Exhib., pp. 1—



Bibliography 169

6, 2010.

[103] L. Jian, X. Zhu, Z. Shao, S. Niu, and C. C. Chan, “A scenario of vehicle-to-grid
implementation and its double-layer optimal charging strategy for minimizing load
variance within regional smart grids,” Energy Convers. Manag., vol. 78, pp. 508-517,
2014.

[104] “2008 National Travel Survey,” Department for Transport, U.K. [Online]. Available:
http://www.dft.gov.uk.

[105] “2010 Vehicle Licensing Statistics,” Department for Transport, U.K. [Online].
Available: http://www.dft.gov.uk.

[106] E. A. Grunditz and T. Thiringer, “Performance Analysis of Current BEVs Based on a
Comprehensive Review of Specifications,” IEEE Trans. Transp. Electrif., vol. 2, no. 3,
pp- 270-289, 2016.

[107] U. Tesla Motors, San Carlos, CA, “Tesla Model S.” [Online]. Available:
http://www.teslamotors.com.

[108] D. Leibling, “Car ownership in Great Britain,” no. October, 2008.



Appendix A
Tap Changer Modelling

Assume G® and B° are conductance and susceptance matrices of the network when the tap
changer is at 1: 1 per unit position (R*®? = 1) and the substation is located between nodes 1
and 2. The effect of tap changer on the network conductance and susceptance (G andB) at time

period t can then be formulated as:

Grie =G+ GL, — (REL,,)Z X G2, (A.1)
2

Byi:=BY +BY, — (?1‘1,,) x B, (A.2)

Giope = Goae = R— X G, (A.3)

Bioe = Byae = R— x BY, (A4)

GZ,Z,t = Gg,z (A.5)

Bz,z,t = Bg,z (A.6)



Appendix B

Data related to EVs’ Journeys

Table B.1 indicates the travel schedule and energy requirements of each EV type. Energy

requirements are derived from original travel distance data by assuming value of 0.15 kWh/km

for the rate of energy consumption in EVs. Furthermore, the share of each type is first

calculated based on the nationwide survey (original data), and then applied to the examined

network (5,000 EVs in total).

Table B.1: EVs’ type

1%t Journey

2% Journey

Vehicle Share in the
Type Start time | End time re F::;::lgnyen ¢ Start time | End time re lfllil::;ggen ¢ network (%)
(h) (h) "dWh) (h) (h) “Wh)
1 8 8 2.24 9 9 2.15 1.0
2 8 8 2.24 10 10 2.15 0.7
3 8 8 2.24 11 11 2.15 0.7
4 8 8 2.24 12 12 2.15 0.7
5 8 8 2.24 13 13 2.15 0.7
6 8 8 2.24 14 14 2.15 0.8
7 8 8 2.24 15 15 2.15 0.7
8 8 8 2.24 16 16 2.15 0.8
9 8 8 2.24 17 17 2.15 0.9
10 8 8 2.24 18 18 2.15 1.0
11 8 8 2.24 19 19 2.15 0.7
12 8 8 2.24 20 20 2.15 0.5
13 8 9 2.24 16 16 2.15 0.6
14 8 9 2.24 17 17 2.15 0.6
15 8 9 2.24 18 18 2.15 0.7
16 9 9 2.24 10 10 2.15 1.2
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17 9 9 2.24 11 11 2.15 1.4
18 9 9 2.24 12 12 2.15 1.4
19 9 9 2.24 13 13 2.15 1.4
20 9 9 2.24 14 14 2.15 1.4
21 9 9 2.24 15 15 2.15 1.4
22 9 9 2.24 16 16 2.15 1.6
23 9 9 2.24 16 17 2.15 0.6
24 9 9 2.24 17 17 2.15 1.7
25 9 9 2.24 17 18 2.15 0.7
26 9 9 2.24 18 18 2.15 1.9
27 9 9 2.24 18 19 2.15 0.7
28 9 9 2.24 19 19 2.15 1.3
29 9 9 2.24 20 20 2.15 1.0
30 9 9 2.24 21 21 2.15 0.7
31 9 9 2.24 17 18 4.79 0.6
32 9 9 2.24 18 19 4.79 0.6
33 9 10 2.24 16 16 2.15 0.6
34 9 10 2.24 17 17 2.15 0.6
35 9 10 2.24 18 18 2.15 0.7
36 10 10 2.24 11 11 2.15 09
37 10 10 2.24 12 12 2.15 09
38 10 10 2.24 13 13 2.15 09
39 10 10 2.24 14 14 2.15 09
40 10 10 2.24 15 15 2.15 09
41 10 10 2.24 16 16 2.15 1.0
42 10 10 2.24 17 17 2.15 1.1
43 10 10 2.24 18 18 2.15 1.2
44 10 10 2.24 19 19 2.15 0.9
45 10 10 2.24 20 20 2.15 0.7
46 11 11 2.24 12 12 2.15 1.0
47 11 11 2.24 13 13 2.15 1.0
48 11 11 2.24 14 14 2.15 1.0
49 11 11 2.24 15 15 2.15 1.0
50 11 11 2.24 16 16 2.15 1.1
51 11 11 2.24 17 17 2.15 1.2
52 11 11 2.24 18 18 2.15 1.3
53 11 11 2.24 19 19 2.15 1.0
54 11 11 2.24 20 20 2.15 0.7
55 12 12 2.24 13 13 2.15 1.0
56 12 12 2.24 14 14 2.15 1.1
57 12 12 2.24 15 15 2.15 1.0
58 12 12 2.24 16 16 2.15 1.2
59 12 12 2.24 17 17 2.15 1.3
60 12 12 2.24 18 18 2.15 1.4
61 12 12 2.24 19 19 2.15 1.0
62 12 12 2.24 20 20 2.15 0.8
63 13 13 2.24 14 14 2.15 1.1
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604 13 13 2.24 15 15 2.15 1.0
65 13 13 2.24 16 16 2.15 1.2
66 13 13 2.24 17 17 2.15 1.3
67 13 13 2.24 18 18 2.15 1.4
68 13 13 2.24 19 19 2.15 1.0
69 13 13 2.24 20 20 2.15 0.8
70 14 14 2.24 15 15 2.15 1.1
71 14 14 2.24 16 16 2.15 1.2
72 14 14 2.24 17 17 2.15 1.3
73 14 14 2.24 18 18 2.15 1.4
74 14 14 2.24 19 19 2.15 1.0
75 14 14 2.24 20 20 2.15 0.8
76 15 15 2.24 16 16 2.15 1.2
77 15 15 2.24 17 17 2.15 1.3
78 15 15 2.24 18 18 2.15 1.4
79 15 15 2.24 19 19 2.15 1.0
80 15 15 2.24 20 20 2.15 0.8
81 15 16 2.24 18 18 2.15 0.5
82 16 16 2.24 17 17 2.15 1.4
83 16 16 2.24 17 18 2.15 0.6
84 16 16 2.24 18 18 2.15 1.6
85 16 16 2.24 18 19 2.15 0.5
86 16 16 2.24 19 19 2.15 1.1
87 16 16 2.24 20 20 2.15 09
88 16 16 2.24 21 21 2.15 0.6
89 16 17 2.24 18 18 2.15 0.6
90 17 17 2.24 18 18 2.15 1.7
91 17 17 2.24 18 19 2.15 0.6
92 17 17 2.24 19 19 2.15 1.2
93 17 17 2.24 20 20 2.15 1.0
94 17 17 2.24 21 21 2.15 0.6
95 17 17 2.24 18 19 4.79 0.5
96 17 18 2.24 19 19 2.15 0.6
97 18 18 2.24 19 19 2.15 1.4
98 18 18 2.24 20 20 2.15 1.1
99 18 18 2.24 21 21 2.15 0.7
100 18 18 2.24 22 22 2.15 0.6
101 19 19 2.24 20 20 2.15 0.7
102 9 497 17 17 2.15 0.6
103 9 497 18 18 2.15 0.6




