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ABSTRACT

In recent years, two typical developments have been witnessed in the energy market. On the one hand,
the penetration of renewable generations has gradually replaced parts of the traditional ways to generate
energy, such as fossil fuel generation. Although renewable generation has merits in terms of
environmental protection and energy cost saving, the intermittent and unstable nature of renewable
generation can lead to energy supply uncertainty, which might exacerbate the imbalance between energy
supply and demand. As a result, the problem of energy price risks might occur.

On the other hand, with the introduction of distributed energy resources (DERs), new categories of
markets besides traditional wholesale and retail markets are emerging. These new markets include the
energy sharing market, energy storage sharing market, renewable energy trading market, peer-to-peer
(P2P) trading, trading at the local and community levels, etc. The main benefits of the penetration of
DERs are threefold. First, DERs can increase power system reliability. Second, the cost of transmission
can be reduced. Third, end users can directly participate in some of these new types of markets according
to their energy demand, excess energy, and cost function without third-party intervention. However,
energy market participants might encounter various types of uncertainties, including DER supply
uncertainty, end-user behavior uncertainty, wholesale market price uncertainty, etc. Therefore, it is
necessary to develop proper risk hedging strategies for different energy market participants in emerging
new markets.

Thus, we propose risk hedging strategies that can be used to guide various market participants to hedge
risks and enhance utilities in the new energy market. These participants can be categorized into the supply
side and demand side. To be specific, for participants from the supply side, generators, retailers, ESS
coordinators, EVCSs, etc., are considered. For participants from the demand side, consumers, prosumers,
EV users, EV aggregators, etc., are investigated. Regarding the wide range of hedging tools analyzed in
this thesis, four main types of hedging strategies are developed, including the application of ESS,
financial tools, DR management, and pricing strategy.

Several benchmark test systems have been applied to demonstrate the effectiveness of the proposed
risk hedging strategies. Comparative studies of existing risk hedging approaches in the literature, where
applicable, have also been conducted. The real applicability of the proposed approach has been verified
by simulation results.
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1. INTRODUCTION

In a traditional energy market, energy suppliers offer to sell the energy that they generate for a
particular bid price in the wholesale market, while load-serving entities (the demand side) bid for that
energy to meet their customers' energy demand in the retail market. In recent years, the energy market
has developed with uttermost rapidity in terms of two aspects. First, the penetration of renewable
generations has gradually replaced parts of the traditional ways to generate energy, such as fossil fuel
generation. However, the intermittent and unstable nature of renewable generation can lead to energy
supply uncertainty, which might exacerbate the imbalance between energy supply and demand. Second,
with the introduction of DERs, new categories of markets besides traditional wholesale and retail markets
are emerging, including the energy sharing market, renewable energy trading market, P2P trading, etc.
However, market participants might encounter various types of uncertainties, including DER supply
uncertainty, end-user behavior uncertainty, wholesale market price uncertainty, etc. Hence, we propose
risk hedging strategies that can be used to guide various market participants in new categories of markets
to hedge risks and enhance utilities. Four main types of hedging strategies are developed, including the
application of ESS, financial tools, DR management, and pricing strategy. This chapter introduces basic
concepts related to the structure and market participants of both traditional and new energy markets.
Moreover, various types of risks in the new energy markets are discussed.

1.1 Traditional Energy Market

Traditional energy markets, including both wholesale and retail markets, are commodity markets that
deal specifically with the trading of energy [1]. In the wholesale market, energy suppliers offer to sell the
energy generated at a particular bidding price, while load-serving entities (retailers) bid for that energy
to meet the energy demand of end users. In many jurisdictions, a two-settlement structure is witnessed,
namely, a day-ahead market for bulk energy trading and a real-time market for energy supply-demand
balancing [1]. The wholesale trading of the national electricity market (NEM) is transported via high
voltage transmission lines from generators to large industrial energy users and to local electricity
distributors in each region. In addition, the output from all generators is aggregated and scheduled at
five-minute intervals to meet demand [2].

In the retail market, the interface between retailers and end users is provided to sell electricity, gas,

and energy services to residential and business end users, who are allowed to select among competitive



retailers and choose the retailer that can best serve their home or business. For example, the Australia
Energy Market Commission (AEMC) makes the rules that facilitate the provision of electricity and gas
services to end users, including [3]:
i End user connections
ii. Retail competition that allows end users to choose between competing retailers and to switch
their retailer

iii. Energy-specific end user protections
iv. Basic terms and conditions contained in standard and market retail contracts’
1.2 Energy Market in a New Environment

In recent years, the energy transition has been firmly underway, and three main trends can be
concluded. First, the application of renewable energy accelerates. There was an estimated $303.5 billion
invested in renewable energy capacity in 2020, according to Bloomberg New Energy Finance (BNEF)’s
latest figures [4]. Second, the utilization of fossil fuels is reducing. In 2020, Carbon Tracker research
suggested that 46% of coal-fired power plants would be unprofitable, rising to 53% by 2030 [4]. Third,
global energy demand is continuously increasing. According to the US Energy Information
Administration, global energy demand will continue to rise through 2050, with oil remaining the largest
energy source [4]. Hence, it is necessary to analyze the impact of these main trends on the structure and
operation of the energy market in the new environment, as well as potential risks the market participants
might encounter. Two main developments in the energy market caused by the emerging trends will be
discussed in the following parts.
1.2.1  Development One of Energy Market at Transmission Level

For the first development of the energy market in the new environment at the transmission level,
renewable energy generations are developing rapidly to gradually replace the traditional ways of
generations, such as fossil fuel generation. Renewable energy often referred to as clean energy, comes
from natural sources or processes that are constantly replenished. For example, solar, wind, hydro, tidal
energy, geothermal, and biomass energy [5].

For solar energy, it is a kind of renewable energy that is obtained from the electromagnetic radiation
of the sun. It generates electricity and heat in a manner that is sustainable [6]. This energy can be used to

generate electricity or be stored in batteries or thermal storage. Normally, there are three types of solar



energy, i.e., photovoltaic solar energy, solar thermal energy, and passive solar energy. For solar PV, the
installed PV panels can transform the light and heat of the sun into electric energy [6]. For solar thermal
energy, it provides heat using mirrors so that rays of the sun can be concentrated into a receptor and reach
temperatures of up to 1000°C. The heat is then used to warm up a liquid which generates vapor and
moves a turbine to generate electricity [6]. For passive solar energy, no mechanism is used to collect and
use the energy of the sun. Instead, it is the oldest method to take advantage of solar radiation. For example,
the utilization of bioclimatic architecture to keep the building warm during the night times [6]. The
benefits of utilizing solar energy are that it will not bring about greenhouse gas emissions, and it is
pollution-free. In addition, solar energy is renewable and replenishable energy that can reduce the
dependency on fossil fuels. Furthermore, the maintenance cost of solar panels is affordable with new
technology being readily available. However, the efficiency of the solar system drops on cloudy and
rainy days, and it cannot generate electricity at night times. Additionally, to store surplus energy, an
energy storage system is required, which is quite expensive. Moreover, even the most advanced solar
panels still only convert around 20-25% of the energy of the sun into power. Thus, the energy conversion
rate is quite low. In Australia, solar energy Solar accounted for 9.9% (or 22.5 TWh) of Australia's total
electrical energy production in 2020, and it is the fastest growing generation type [7].

For wind energy, it describes the process of utilizing wind to generate mechanical power or electricity.
This mechanical power can be used for specific tasks, such as grinding grain or pumping water, or a
generator can convert this mechanical power into electricity [8]. A wind turbine is an important device
that can convert wind energy into electrical energy. There are two basic types of wind turbines, namely,
horizontal-axis turbine and vertical-axis turbine [8]. There are several benefits to using wind power. First,
the generation process is emission-free. Second, turbines are available in a wide variety of sizes, which
is adaptable to different locations. Third, wind energy is replenishable. However, wind energy is
intermittent and unpredictable, which can increase volatility in the solar energy supply [8]. In Australia,
wind supplies 35.9% of the country's clean energy and 9.9% of Australia's overall electricity in 2020 [7].

For hydroelectric power, it harnesses the power of fast-moving water in a large river or rapidly
descending water from a high point to convert the force of that water into electricity by spinning the
turbine blades [9]. To be specific, the turbine converts the kinetic energy of the water into mechanical

energy, and a generator converts the mechanical energy from the turbine into electrical energy. The merits



of using hydro power are that the source of hydro power is renewable, and it can be paired well with
other renewables. In addition, it is emission-free since the generation of hydroelectricity releases no
emissions into the atmosphere. Moreover, hydro power is more reliable than solar and wind energy
because water usually has a constant and steady flow. Furthermore, hydro plants can adjust the flow of
water to produce more energy or less energy according to the electricity demand. However, there is a
limited place for hydro plant construction, and the initial construction fees are expensive. Additionally,
although the generation process produces no emission, the reservoirs, such as plants at the bottom, can
decompose and release a large amount of carbon and methane. Furthermore, the performance of hydro
can be influenced by climate change, such as drought [9]. In Australia, more than 100 operating
hydroelectric power stations with a total installed capacity of about 7800 megawatts (MW) are operating,
which are located mostly in New South Wales (55%) and Tasmania (29%) [10].

For tidal energy, it is produced by the natural surge of ocean waters during the rise and fall of tides
caused by the gravitational interaction between Earth, the sun, and the moon [11]. To be specific, tidal
energy works via a turbine that is connected to a gearbox, which can turn a generator to generate
electricity. There are several merits to using tidal energy. First, compared with solar and wind energy,
tides can be easily predicted because tides occur at expected times. Second, the efficiency of tidal energy
is 80%, which is much higher than solar or wind energy generators. Third, it produces no greenhouse gas
or other waste. However, the initial construction cost is very expensive, and the sites for constructing
barrages are limited. Moreover, tidal stations can only produce energy for certain periods of a day when
the tide is moving in and out [11]. In Australia, the tidal energy system is considered to have the highest
technical maturity, which can produce approximately 2004 TWh per year of tidal energy [12].

For geothermal energy, it is a type of renewable energy source that comes from the heat generated
during the original formation of the planet and the radioactive decay of materials, which can be used to
generate electricity and heat buildings, etc. [13]. This type of renewable energy is not only
environmental-friendly but also more reliable and sustainable than solar and wind energy. However,
during the exploitation and digging process, gasses stored under the surface of the earth might be released
into the atmosphere. In Australia, although geothermal energy source is considerable, the development
of geothermal energy is not financially viable because it is difficult to discover suitable geothermal

resources, and the flow of hot fluid from the geothermal reservoirs is at a high rate [14].



For biomass energy, it is energy generated or produced by living or once-living organisms [15]. And
the generated energy can be used to create heat or converted into electricity. There are five main types of
biomass energy, including agricultural residues, animal waste, forest residues, industrial waste, and
sewage. The detailed mechanism of biomass energy to generate electricity is that biomass is burned in a
boiler to produce high-pressure steam, which flows over a series of turbine blades. As a result, the rotation
of the turbine drives a generator to produce electricity. Apart from the benefits of being carbon-neutral
and renewable, the utilization of biomass energy can reduce the dumped garbage in landfills. Moreover,
it is less expensive than fossil fuels. However, biomass energy is not as efficient as fossil fuel energy.
Furthermore, the merit of biomass energy being carbon-neutral is questionable because the use of animal
and human waste can escalate the number of methane gases, which can be damaging to the environment
[15]. According to Clean Energy Council, biomass energy generated approximately 3164 GWh of
electricity in Australia in 2020, which equals 1.4% of total electricity generation, and 5.0% of total clean
energy generation [16].

1.2.2  Development Two of Energy Market at Distribution Level

For the second development of the energy market at the distribution level, DERs are becoming more
prominent in recent years. It can be defined as the renewable energy units or systems located in houses,
residential buildings, or businesses to offer them power [17]. On account of the fact that electricity is
generated or managed behind the electricity meter in houses, residential buildings, or businesses, DER
is also called “behind the meter” [18]. Compared with the traditional way of generating electricity at big
and centralized power stations, it is more decentralized and starting to come from many places, including
millions of homes and businesses. Examples of DERs include roof-top solar PV units, wind generating
units, battery storage, the battery of EVs to export power back to the grid (V2G), fuel cells, combined
heat and power units, etc. [17].

For roof-top solar PV unit, it is a PV system that has installed electricity-generating solar panels on
the rooftop of a residential or commercial building or structure [19]. The benefits of roof-top PV include
low electricity bills, low carbon footprint, low maintenance costs, etc. However, there are certain
disadvantages to using solar PVs. First, the initial cost to purchase the solar system is expensive,
including payments for solar panels, inverters, batteries, wiring, and installation. Second, the efficiency

of roof-top PV is weather dependent. In Australia, the per-capita rooftop solar installation rates are the



highest in the world, with rooftop and utility-scale solar already meeting over 100% of demand in South
Australia. In addition, it is expected to have five times more rooftop solar capacity by 2050 [20].

For wind generating units, wind turbines are connected at the distribution level of an electricity
delivery system to support the operation of local electricity distribution networks [17]. Distributed wind
generating units are commonly installed at residential, agricultural, commercial, industrial, and
community sites [17]. There are certainly advantages of distributed wind generation. First, small-scale
wind power generation can save space for wind generating unit construction and transportation fees of
wind turbines. Second, the pressure on the electrical grid can be reduced by introducing distributed wind
generating units. Third, a wind turbine operates whenever it is windy. However, the energy generated is
intermittent, and noises can be produced by the wind turbine blades. In NSW, Australia, small wind
turbines sized to suit domestic properties, farms, or small businesses are becoming increasingly popular
[17].

For battery energy storage, it is an electrochemical device that charges energy from the grid or a power
plant and then discharges that energy later to provide electricity to end-users or other grid services when
needed [21]. The benefits of battery storage have been well recognized in terms of generation backup,
transmission alleviation, voltage control, frequency regulation, peak shaving, load shifting, etc. [18]. In
recent years, the battery of EVs to export power back to the grid has been under dramatic development,
i.e., V2G. For V2G, it describes a system in which EVs, such as PEV or PHEV, communicate with the
power grid to sell demand response services by either discharging electricity from the battery of the EV
to the grid or by throttling their charging rate [22]. The benefit of the V2G technique is that the imbalance
between electricity demand and supply can be mitigated, and EVs can save costs on building unnecessary
electricity systems [22].

For fuel cell, it is an electrochemical cell that converts the chemical energy from a fuel into electricity
via an electrochemical reaction of hydrogen fuel with oxygen or another oxidizing agent. It composes of
three adjacent segments, namely, the anode, the electrolyte, and the cathode [23]. Fuel cells are
categorized primarily by the type of electrolyte employed, such as polymer electrolyte membrane (PEM)
fuel cells, direct methanol fuel cells, alkaline fuel cells (AFCs), phosphoric acid fuel cells (PAFCs),
molten carbonate fuel cells (MCFCs), and solid oxide fuel cells (SOFCs), etc. [23]. Compared with the

battery, fuel cells require a continuous source of fuel and oxygen to sustain the reaction [23]. There are



several advantages of using fuel cells. First, it is of high efficiency reaching over 80%. Second, it is
reliable as the power offered does not degrade over time. Third, it is environmentally friendly. However,
the cost of manufacturing is high due to the high cost of platinum. In addition, it lacks the infrastructure
to distribute hydrogen. Moreover, hydrogen is expensive to produce [23].

For CHP, it is a technology that produces electricity and thermal energy at high efficiencies using a
range of technologies and fuels, which is also known as cogeneration [24]. The benefits of the CHP are
numerous, including increased fuel efficiency, reduced energy wastage, reduced energy costs, reduced
greenhouse gas emissions, reduced reliance on the grid, etc. However, there are certain disadvantages of
using CHP. For example, the installation cost of the CHP is costly, and if a system is using diesel or other
fossil fuels as its fuel source, then they are not an eco-friendly choice [24]. There are numerous
companies offering cogeneration services in Australia, such as The Evo Group and the Inoplex, etc.

With the introduction of DERs, the energy market is diversified into a variety of ranges, including the
energy sharing market, energy storage sharing market, renewable energy trading market, P2P trading,
trading at the local and community levels, etc.

For energy sharing market, it aims to meet the energy needs of end-users through excess energy trading
within a sharing community when households have excess energy. In such a sharing market, prosumers
can save energy purchasing costs and become more self-sufficient [25]. For the energy storage sharing
market, end-users will borrow the capacity of the shared ESS managed by the ESS coordinator. In the
renewable energy trading market, renewable energy will be traded. ‘The global renewable energy market
was valued at $881.7 billion in 2020 and is projected to reach $1,977.6 billion by 2030, growing at a
compound annual growth rate of 8.4% from 2021 to 2030’ [26]. For peer-to-peer trading, it describes a
trading process where energy buyers and energy sellers trade directly with each other without a third
party. For trading at local or community levels, it is designed to provide local economic and social
benefits, such as reduced energy costs and energy autonomy [27].

1.3 Risks in the New Energy Market

Although renewable energy generation and DERs are reliable and environmentally friendly, there are
certain risks associated with the two developments in the energy market. Before discussing the risks
mentioned, the main market participants in the new energy market will be explained first. Note that this

thesis focuses on the risk hedging strategy of the energy market. Hence, only the participants related to



the energy market will be mentioned. The market participants, i.e., the stakeholders, can be categorized
into two broad types, namely, the supply side and the demand side. For the supply side, generators,
retailers, ESS coordinators, EVCSs, etc., are common research targets. For the demand side, consumers,
prosumers, EV users, etc., are mainly focused.

1.3.1  Risks for the Supply Side

First, the risks that occurred for the supply side in the new energy market will be elaborated. The use
of natural gas to generate electricity has become pervasive due to the fast response ability of natural gas
generators [28-32]. In some countries such as China and Australia, coal power generation serves the
baseload (i.e., customers), while natural gas generators are used primarily for peak hours when electricity
prices are high or fast response regulation is required. However, this operation process incurs high risks
because gas generators generate electricity only when electricity prices are high. Therefore, as a type of
thermal power generation (i.e., power generation process in which heat energy is converted into
electricity), natural-gas-fired power generation requires a relatively high Levelized cost of energy (LCOE)
compared to coal-fired power generation. LCOE is defined as the average price per unit output required
for a plant to break even over its operating lifetime [33]. Hence, in the bid-to-sell process, gas generators
will bid at prices higher than their LCOEs, making them much more likely to fail in bidding compared
to coal-fired generators. As a result, gas generators cannot sell sufficient electricity, and significant risks
are incurred.

Although gas generators incur the risk of being unable to succeed in the bid, they still have a promising
future. This is because natural-gas-fired power generation plays a critical role in converting gas back into
electricity and selling energy in electricity markets. Based on emerging P2G technology, renewable
energy could be stored economically on a large scale in the form of natural gas [34]. However, it will
still encounter high risks, and the profits will be influenced by the fluctuation of electricity prices.
Because gas generators play an important role in power systems, it is necessary to implement certain
hedging tools to reduce the risks associated with these generators.

As for energy retailers, they will encounter risks of demand-supply imbalance. With the penetration
of DERs, greenhouse gas emission has been substantially reduced [35]. However, the incorporation of
DERs will lead to a large-scale demand fluctuation. As a result, an imbalance of demand and supply

might occur [36]. Although this type of risk will not cause tremendous losses for the electricity retailer,



it happens more frequently. Furthermore, the increase of EEs caused by climate change will further
augment the demand-supply imbalance. EEs like bushfires and ice storms can lead to huge damage to
power transmission lines and towers, which will make the retailers unable to satisfy the demand
requirements [36-38]. Although the occurrence of this type of risk is rare, the damages are tremendous.

As for ESS coordinators, they will bear the risks of energy price volatility. With the increasing
penetration of renewable resources, such as rooftop PV generation [39], greenhouse gas emissions can
be reduced. However, renewable resources are difficult to operate reliably due to their intermittent and
unstable features [40]. Thus, the ESS is employed to smooth the spatial and temporal imbalance between
the energy demand and renewable energy generation. Nevertheless, the investment costs of ESS are
substantial, and the costs are entirely borne by the end-users. Furthermore, because of the random usage
patterns of different residents, the utilization of the residential ESS is inefficient. To this end, the concept
of energy storage sharing is introduced where the centrally controlled ESS by the ESS coordinator can
provide storage services to the end-users as if they were using the behind-the-meter ESS. However, the
ESS coordinator will bear the risk of price fluctuation that the prosumers would otherwise have
encountered if they were using the self-built ESS.

As for EVCSs, they might incur losses from selling at too high a price that is unattractive to the EV
users or selling at too low a price, which results in losing profits for the EVCSs that EVs would otherwise
have been willing to pay. Moreover, the low charging price set by EVCSs has a side effect, i.e., potential
long queueing length, which might increase the risks of PDN and TN congestion. To be specific, EVs
are believed to have the promising potential to reduce greenhouse gas emissions and urban air pollution
if EVs are charged with renewable energy [41, 42]. As a result, EVs are burgeoning to gradually replace
GVs [43]. Under this context, the synergistic effect of PDNs and TNs has become an emerging topic to
discuss [44, 45]. To be specific, the growth of EVs will increase the EV traffic flow in TN. Then, the
increasing EV traffic flow will increase the charging demand at the EVCSs, and the increased charging
demand at EVCSs will further affect the operation of PDN. To this end, the increasing penetration of
EVs can pose a potential impact on the security and stability of the PDN [44]. Additionally, the
substitution of GVs with EVs might induce two types of potential risks for TN [45]. First, EVCSs are
usually constructed on prosperous roads to obtain more traffic capture, but the attraction of the additional

EV flow will worsen the traffic condition. Second, the charging behavior of EV users might cause long



queueing lengths within certain EVCSs. Hence, the EVCS plays an important role in guiding EV users'
charging selection decisions through pricing strategy to mitigate the above-mentioned issues.
1.3.2  Risks for the Demand Side

Next, the risks that occurred on the demand side in the new energy market will be explained. As for
consumers, they might incur financial risks and physical risks. For financial risks, consumers might
encounter high energy prices when there are energy shortages or high demand for energy. As a result, the
energy costs of consumers are increased, and the utility of consumers will reduce. As for physical risks,
consumers might incur insufficient energy supply in the energy market when there is high energy demand,
or there is a power outage. Consequently, curtailment of energy consumption might occur, which is also
detrimental to the level of satisfaction of consumers with energy consumption.

As for prosumers, they will incur risks of expensive initial costs of DERs during the sharing process,
with consumers being the ‘free-riders’ if the sharing process is modeled as a trading process. For example,
[46, 47] modeled energy sharing as an energy trading process. In such a trading process, the pure
consumers could participate and benefit from the sharing economy by purchasing electricity at a
relatively low price [48]. However, they made less contribution toward energy sharing. It would result in
the end-users being less incentivized to invest in DERs. As a result, prosumers will bear the risks of high
investment costs on DERs themselves. Consequently, the development of the DERs could be hindered.
Moreover, prosumers will encounter high risks due to the fluctuating sharing price if they directly
participate in the sharing market in which the pricing mechanism is either non-cooperative game clearing
or auction-based clearing. This is because prosumers normally lack the expertise of risk-hedging.

As for EV users, they will encounter financial risks, time risks, and physical risks. For financial risks,
EV users might incur high charging costs when the price of the selected EVCS is high on average or
when the charging demand for EVs is high. As for time risks, EV users might encounter risks of long
traveling time on the road, long waiting time, and charging time at EVCSs due to the increasing
penetration of EVs. Regards physical risks, two sub-categories of risks are discussed, i.e., the risk of
insufficient SOC to arrive at the selected EVCS and the risks of EV battery degradation, etc. Thus, it is
necessary to develop proper strategies to guide the charging/refueling of EV users to hedge those
mentioned risks of EV users and increase EV user satisfaction.

1.4 State-of-art Hedging Strategies
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To date, the state-of-art risk hedging methods for the energy market can be mainly categorized into

four types:

Financial tools: The first is financial tools, which are defined as the hedging tools that can increase
the chances for market participants to either receive more net profits under certain risks or incur
fewer risks under certain net profits [49]. Those financial tools include bilateral contracts, forward,
swap, future, option contracts, etc. [50-53]. Take the bilateral contract as an example, the risks of
demand fluctuation caused by the penetration of DERs normally happen at the distribution level.
Although this type of risk will not cause tremendous losses for the electricity retailer, it happens
more frequently. Normally, to hedge this type of risk, retailers can firstly sign bilateral contracts
with the generation companies (GENCOs) to stabilize the electricity prices and cover the majority
of the estimated demand [37]. Then, when overconsumption occurs, the retailer will compensate
for the demand gap from the spot market at the real-time electricity price [36].

ESSs: As for ESS, i.e., physical tools, energy storage like P2G and battery can be used to smooth
the energy usage [54]. The benefits of the BESS have been well recognized in terms of generation
backup, transmission alleviation voltage control, frequency regulation, etc. Apart from BESS, the
P2G is also a promising ESS technology since the process of electricity-hydrogen conversion is
carbon-free if electricity is from renewable energy [55, 56]. P2G devices can convert excess
electricity into hydrogen through water electrolysis, and the energy is stored in the form of gas.
Then, the gas can be converted back to electricity by the installed gas generators and fuel cells when
needed [34]. Therefore, applying the P2G as an additional ESS can increase the flexibility of the
integrated multi-carrier energy system and provide the customer with reliable services.

Demand response: It is defined as a change in the energy consumption of end-users to better match
the energy demand with the supply [57]. There are mainly two types of DR strategies, namely, price-
based DR and incentive-based DR. For price-based DR, it is a type of DR strategy to incentivize
the end-users to alter their load patterns according to the time-varying prices [58-61], such as time-
of-use rates, critical peak pricing, and real-time pricing. For incentive-based DR, it aims to
maximize the benefits of retailers, which will increase by triggering an incentive price to influence
end-user behaviors to change their demand consumption, such as [62-65]. For example, include

direct load control, interruptible/curtailable rates, emergency DR programs, capacity market
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programs, and demand bidding programs.

=  Pricing strategy: The pricing strategy can be utilized to incentivize end-users to alter their energy
consumption patterns to ensure power system stability, including energy consumption amount and
energy consumption location (charging station or retailer selection choice) [66]. As for developing
pricing mechanisms, there are mainly two types of pricing strategies. The first type is based on the
clearing scheme. In the existing literature, there are two commonly used clearing schemes. The first
type of clearing is based on the noncooperative game, such as [67]. The second type of clearing is
based on the auction, such as [68]. The second type of pricing strategy is that the retailer, ESS
coordinator, or EVCS is responsible for formulating the price to realize the insulation between the
end-users and the energy market [69-72]. For example, value-based pricing, competitive pricing,
skimming pricing, cost-plus pricing, penetration pricing, dynamic pricing, etc.

1.5 Research Problems

However, existing literature that utilized financial tools, ESS, DR, or pricing strategies to hedge the
risks of market participants in the new energy market remained several research problems to be addressed.

As for literature that utilized financial tools, the application of only one type of financial tool relies
heavily on the estimation of demand and prices. Based on the increasing penetration of DERs, demand
and price variation will increase, which will cause greater difficulty in demand and price estimation.
Therefore, a more estimation-invariant hedging tool is required.

As for literature that utilized the ESS to hedge risks of demand and supply imbalance, the capital costs
of the ESS are still expensive at this stage. To reduce the investment costs, the concept of energy storage
sharing has been put forward. As a result, it is more economical for a group of prosumers to share the
ESS invested and managed by the coordinator rather than investing in the self-built ESS [73, 74]. Thus,
to adapt to the increasing trend of sharing economy, proper sharing mechanisms and relevant pricing
strategies in an integrated energy system need to be developed to enhance the comprehensiveness of the
sharing model.

As for literature that utilized more than one financial tool or a combination of financial tools and ESS,
the budget constraints on investment must be involved in the decision-making process. Since the budgets
for investments are limited, efficient allocation of resources like financial tools and physical tools is

necessary.
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As for literature that used DR, when the DR aggregation becomes large, an improper DR strategy may
cause infeasibilities in the system operation, such as voltage violation and thermal overloading problems,
which jeopardize the security of the electricity services [75]. Therefore, it is improper to neglect the
network constraints like [76, 77].

As for the pricing strategy proposed by some existing literature, they utilized the same sharing price
for all end-users. It neglected that different end-users had different energy consumption profiles.
Consequently, using the same price could not incentivize individual end-user. For example, in [28, 69,
78], the same sharing price was formulated for all the prosumers, which was derived via the optimization
process. Without applying a customized pricing strategy, end-users would not be willing to participate in
the energy trading or sharing process. Moreover, most of them formulated the end-user decision-making
strategy according to the expected utility of end-users, such as EV users, under the assumption that end
users are rational, such as [79-81]. However, this assumption deviated from real-life decision-making
due to the subjectivities of end-users. Hence, it is necessary to consider the irrationalities of end-users in
formulating decision-making strategies.

Furthermore, with the penetration of weather-related EEs, such as bushfires and ice storms, the supply
shortage risks caused by the EEs at the transmission level are happening, which can cause huge losses to
the retailer. However, references are lacking on risk-hedging strategies toward the risks caused by the
EEs at the transmission level. To fully consider both supply shortage and demand fluctuation risks, more
comprehensive risk-hedging strategies are needed for the retailer.

Moreover, as one form of energy, hydrogen offers an opportunity for sector coupling between the
electricity, gas, and transport sectors. According to [82], hydrogen is a versatile energy carrier that can
be served as an input into a range of industrial processes. The application of hydrogen can enable deep
decarbonization across the energy and industrial sectors. Hydrogen can also facilitate the transition to
high penetration of intermittent renewable generation in the electricity network. However, the energy
substitution effect between electricity demand and hydrogen demand is not well studied. Take the energy
demand of EV users as an example, there exists an energy substitution between electricity and hydrogen
for PH2EV, which is not investigated in existing charging/refueling navigation literature [83, 84]. Here,
PH2EV that consumes either electricity or hydrogen can be served as a new promising type of EV to

balance energy supplement duration and energy cost. In addition, PH2EVs can increase the flexibility
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and alternatives of energy. It is important to incorporate the impact of energy substitution in energy
purchasing strategy formulation so that the balance between energy cost and energy supplement duration
can be obtained by purchasing the right amount of electricity and hydrogen.
1.6 Contributions of this Thesis
The increasing penetration of renewable energy generation and DERs has brought benefits to the new
energy market. For example, it is environmentally friendly and cost-saving for end-users. However, due
to the unstable and intermittent nature of renewable energy, such as solar and wind power, as well as the
increasing energy demand, certain risks will occur, which is detrimental to the energy market participants.
Hence, it is necessary to propose a relevant risk hedging strategy to hedge risks and ensure the utility of
the market participants, which is the purpose of our thesis. In general, our model: 1) develops more
estimation-invariant financial hedging tools to hedge the risk of increasing demand fluctuation caused
by the penetration of DERs. 2) considers the budget constraint when utilizing a combination of financial
tools and physical tools to hedge risks. 3) takes the subjectivity and bounded rationality of end-users into
consideration when making the pricing strategy to better incentivize end-users to participate in the energy
trading or sharing process. 4) incorporate new emerging trends like the burgeoning of extreme events
and the increasing application of hydrogen into the model formulation.
To be specific, the contribution of this research consists of developing a series of effective risk hedging
tools and strategies for market participants in the new energy market, which are summarized as follows:
=  The applications of financial tools and physical tools (in chapters 3 and 4).
a) By formulating the hedging tools consisting of a combination of financial tools and physical
tools, the reliance on the prediction of the prices is avoided.
b) Portfolio theory is applied, considering the budget limitations of the gas generator and the
retailer, to determine the optimal weight of financial tools and physical tools to invest.
=  The implementation of the DR strategy (in chapters S and 6)
a) A rigorous incentive-based DR mechanism based on both call and put options is
implemented to shift the charging/discharging profile (consumption pattern) of the EV
aggregator (EVA), who manages the EVs (chapter 5).
b) The proposed price-based DR strategy of the DR aggregator, i.e., a single entity that manages

the aggregation of the controllable residential loads, can fully consider operational
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constraints of the power systems without obtaining full information on the electricity

network (chapter 6).

= The pricing strategy in the electricity market (in chapters 7 and 8)

a)

b)

A dynamic pricing strategy, considering the competition relationship between EVCSs, is
proposed based on a coupled PDN and TN to maximize the net charging profit of the EVCS.
Under this pricing strategy, more charging demand can be attracted. Additionally, the
proposed pricing strategy can achieve spatial load shifting by incentivizing EV users to alter
their station-selection decision to avoid congestion of the electricity network (chapter 7).

A two-stage pricing model for energy storage sharing has been presented based on the
clustering of different load patterns. In the proposed model, the price structure and the price
level for capacity sharing are jointly optimized. Moreover, novel concepts of bulk capacity
borrowing and discount sensitivity are introduced to model individualized pricing for the

first time (chapter 8).

=  The pricing strategy in the hybrid energy market (in chapters 9 and 10)

a)

b)

Two pricing strategies have been proposed to increase the total net profits of the coordinator
and the willingness of the prosumers to participate in the capacity and energy sharing process.
In addition, a novel business model of credit-based sharing has been proposed to integrate
both capacity sharing and energy sharing (chapter 9).

A tri-level pricing strategy for IEHSs is formulated considering the integration among EVs,
IEHSS, and both the PDN and GN. In this pricing strategy, the temporal shift of EVs within
one IEHS and the spatial shift of EVs among multiple IEHSs are modeled. To ensure the
effectiveness of the pricing strategy in guiding EV behaviors, the bounded rationality of EVs
in station selection is rigorously modeled based on the cognitive hierarchy (CH) theory

(chapter 10).

1.7 Thesis Outlines

The thesis is divided into twelve chapters. The first chapter is the introduction, which introduces the

basic concepts and preliminaries of this research. Chapter 2 is the literature review part. Chapter 3 focuses
on the application of financial tools and physical tools within three types of markets, i.e., the financial

market, the ancillary market, and the spot market. Chapter 4 focuses on the application of financial tools
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and physical tools under the circumstance where increasing penetration of EEs caused by climate change
will further augment the demand-supply imbalance. Chapter 5 focuses on an option-based DR strategy
to mitigate the demand-supply imbalance and save energy costs for both retailers and the aggregator who
manages EVs. Chapter 6 focuses on utilizing price-based DR aggregation with the operating envelope
framework based on the representative signals produced by the DNO in the context of the big data era.
Chapter 7 focuses on proposing a dynamic pricing strategy for EVCSs to facilitate EVCSs to earn higher
profits while alleviating the potential negative impacts on both PDN and TN, considering the
responsiveness of aggregated demand towards charging price. Chapter 8 focuses on proposing an
individualized pricing strategy that can facilitate the coordinator to capture the most considerable
possible net profits through price discrimination based on discount sensitivity in the electricity market.
Chapter 9 focuses on proposing a credit-based pricing strategy for hydrogen and electricity energy
storage sharing in a hybrid energy market. Chapter 10 focuses on proposing a tri-level dynamic pricing
strategy for IEHSs to guide the charging/refueling decisions of EVs and ensure the operation of IEHSS,
PDN, and GN in a hybrid energy market, considering the bounded rationality of EV users.
=  Chapter 2- Literature review
This chapter introduces the definition related to risks occurred in the energy market. Next,
research works relating to risk hedging strategies applied to hedge risks like demand-supply
imbalance, operational risks, energy price fluctuation, etc., are categorized into four main types,
namely, the application of financial tools, physical tools, DR, and pricing strategies.
=  Chapter 3- Risk hedging for gas power generation considering power-to-gas energy storage
in three different electricity markets
This chapter proposes a portfolio strategy for gas generators to earn profits and hedge risks in
three different electricity markets, namely, the spot, the ancillary, and the financial markets. The
presented approach is to apply energy storage and financial derivatives to hedge the market risks
of gas generators, including short put option and short call option, and the option value deduction
process is also involved. To be specific, the concept of the binomial tree has been brought up to
deduct the option value. The purpose is to calculate the premium of the option in the financial
markets.

=  Chapter 4- Risk hedging strategies for electricity retailers using insurance and strangle
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weather derivatives

This chapter proposes a hedging strategy, besides the normal bilateral contract, including
insurance, the strangle weather derivatives, and the energy storage system, to hedge the risks at
both the transmission and distribution levels. To be specific, at the transmission level, a rigorous
risk-hedging model based on insurance is proposed for the retailer to hedge the risks. In this
chapter, an economic adjusting index is introduced to represent the different risk aversion levels
of the retailer toward the low probability but high loss events, i.e., the EEs. At the distribution
level, a risk management strategy based on the strangle weather derivatives and ESS is designed
for the retailer to hedge the risks. Moreover, the proposed model offers a guide for choosing
diverse forms of hedging portfolios (a set of hedging tools) for retailers under different budget
constraints.

Chapter 5- Demand response of electrical vehicle aggregator using financial hedges: options
This chapter proposes an option-based DR strategy to mitigate the demand-supply imbalance and
save energy costs for both retailers and the aggregator who manages the EVs. To incentivize the
EV owners to participate in DR programs, a clustering-based Nucleolus method is proposed to
obtain the optimal cost saving allocation among end-users and ensure the satisfaction of the end
users. Furthermore, the time to find the nucleoli can be shortened via the clustering technique
and the nested linear program.

Chapter 6- Demand response aggregation with operating envelope based on data-driven
state estimation and sensitivity function signals

This chapter proposes a price-based DR aggregation with the operating envelope framework
based on the representative signals produced by the DNO in the context of the big data era. The
DNO provides representative signals, including real-time state estimation and sensitivity
functions, to the DR aggregators based on the proposed Semi-supervised Coupled Generative
Adversarial Imputation Network (SC-GAIN) and big data analysis. The DR aggregators can
realize the secure and efficient real-time dispatch of the controllable loads based on the received
signals.

Chapter 7- Pricing for electric vehicle charging stations based on the responsiveness of

demand
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This chapter proposes a dynamic pricing strategy for EVCSs to facilitate EVCSs to earn higher
profits while alleviating the potential negative impacts on both PDN and TN. First, a pricing
strategy, considering the competition effect established based on the TN, is formulated to
facilitate the EVCS to attract the defined competitive charging demand. Second, a two-step
approach is proposed to mathematically formulate the responsiveness of demand towards the
charging price. Third, EV user behaviors are incorporated based on both an admission control
scheme and a queueing model to further adjust the charging demand.

Chapter 8- Individualized pricing of energy storage sharing based on discount sensitivity
This chapter proposes a two-stage pricing mechanism between the coordinator who operates the
shared energy storage and the prosumers who are borrowing the shared capacity from the
coordinator. Individualized pricing is derived via the two-stage pricing process. It is a pricing
strategy that can facilitate the coordinator to capture the most considerable possible net profits
through price discrimination. First, prosumers are clustered into different groups using the data-
driven approach. Then, novel concepts of bulk capacity borrowing and discount sensitivity are
introduced to model the individualized pricing for the first time. As a result, the price structures
and the price levels can be jointly optimized.

Chapter 9-Credit-based pricing and planning strategies for hydrogen and electricity energy
storage sharing

This chapter proposes a two-stage credit-based sharing model between the coordinator who
manages the shared ESS and the prosumers who borrow the capacity and energy from the
coordinator. Both capacity and energy sharing are integrated via the proposed credit-based
sharing model. As for energy sharing, two forms of energy are considered: electricity and
hydrogen. In addition, both cost-based and demand-based pricing strategies are introduced to
customize the sharing prices so that the coordinator can obtain larger net profits and the
prosumers can reduce their energy purchase costs.

Chapter 10-Pricing strategy for energy supplement services of hybrid electric vehicles
considering bounded-rationality and energy substitution effect

This chapter proposes a dynamic pricing strategy for IEHSs to guide the charging/refueling

decisions of EVs and ensure the operation of IEHSs, PDN, and GN. First, a tri-level dynamic
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pricing strategy is proposed considering the interactions among EVs, IEHSs, and both PDN and
GN. Second, the bounded rationality of EVs in station selection is modeled based on the cognitive
theory. Third, energy substitution for PH2EVs between electricity charging and hydrogen
refueling is analyzed.

Chapter 11-Conclusion and future works

The concluding remarks and future works are given in this chapter
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2. LITERATURE REVIEW

The market participants, such as the generator, the retailer, the end-users, etc., will encounter various
risks in the energy market. Those risks include energy demand-supply imbalance, energy price
fluctuation, the uncertainty of end-user behavior, unexpected weather-related extreme events, etc. With
the penetration of renewable energy generation and the DERs, the energy demand-supply imbalance is
more severe. Consequentially, risks of energy price volatility will be exacerbated. As a result, it is
necessary to come up with effective and proper risk hedging strategies to hedge the risks of market
participants and ensure their utility. A thorough literature review has been undertaken to understand the
existing academic research works and industrial practices and to better identify potential research gaps.
2.1 Risk Hedging Strategy for Energy Suppliers in the Wholesale Market

Based on an increased focus on the reduction of greenhouse gases and detrimental gas emissions, as
well as on the fast response ability of natural gas generators, the use of natural gas to generate electricity
has become pervasive [28-32]. Hence, research on the gas generator has been focused. In some countries
such as China and Australia, coal power generation serves the baseload, while natural gas generators are
used primarily for peak hours when electricity prices are high or fast response regulation is required.
2.1.1  Risks Encountered by the Energy Generator

However, the operation process of the gas generator incurs high risks because gas generators generate
electricity only when electricity prices are high. Therefore, as a type of thermal power generation (i.e.,
power generation process in which heat energy is converted into electricity), natural-gas-fired power
generation requires a relatively high Levelized cost of energy (LCOE) compared to coal-fired power
generation. LCOE is defined as the average price per unit output required for a plant to break even over
its operating lifetime [33]. Therefore, in the bid-to-sell process, gas generators will bid at prices higher
than their LCOEs, making them much more likely to fail in bidding compared to coal-fired generators.
As a result, gas generators cannot sell sufficient electricity, and significant risks are incurred. Although
gas generators incur the risk of being unable to succeed in the bid, they still have a promising future. This
is because natural-gas-fired power generation plays a critical role in converting gas back into electricity
and selling energy in electricity markets. Based on emerging P2G technology, renewable energy could
be stored economically on a large scale in the form of natural gas [34]. Because gas generators play an

important role in power systems, it is necessary to implement certain hedging tools to reduce the risks
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associated with these generators.
2.1.2  Risk Hedging Strategy for the Energy Generator

In the literature, to maximize profits and hedge risks, financial derivatives were used by gas generators
in [50]. These derivatives comprise forward contracts, futures, swaps, options, etc. [S1]. It is common
for the gas generator to use a bilateral contract or the future and forward contract to hedge risks [85]. Ref.
[52] described a method to measure and manage the market risks by utilizing the future contract, and it
also proposes the stochastic optimization techniques to price the derivatives. Ref. [86] studied the
relationship between energy and stock prices in Asia. As a result, the discovered relation can hedge
energy risks. Ref. [53] utilized real options to highlight the flexibility value of the demand response under
both operational and planning uncertainties. Simulation results showed that both the short-run and long-
run risks had been hedged. However, they only utilize financial tools to hedge risks. As for Ref. [87],
both physical and financial tools were used to hedge risks arising from the profit variation and the spot
price uncertainty in bilateral markets, and the risk assessment methods are evaluated in detail.

Physical tools like P2G will have a promising future due to the following two aspects of reasons. First,
the energy storage costs of the P2G is relatively low compared to other energy storage device like the
battery. And it is suitable for the gas generator to use the P2G device to store energy. Second, the use of
P2G can increase the flexibility and alternatives of energy. Ref. [88] examined the economic feasibility
of pipe storage, and it also considered the study of the cost-effectiveness of P2G to store the H, and
renewable methane. In [89], P2G was utilized to convert waste energy to natural gas. In this literature,
day-ahead scheduling and gas load management have been examined to minimize the consumption costs
of the users. Ref. [90] emphasized the benefits of using a P2G device. By using the P2G, the load
curtailment can be reduced, and the use of renewable energies can be increased. Simulation results have
shown that the wind and solar capacity can be reduced by around 23%, and the load curtailment can be
reduced by 87%. In [34], quantitative studies have been added to evaluate the economically operational
aspects of P2G. In addition, the case of the Great Britain system has been analyzed to indicate the benefits
of using P2G. As for [91], the concept of a combined P2G and gas-fired power plant (GFPP) system was
proposed to achieve CO; emission reduction and the utilization of renewable energy. Simulation results
showed that the proposed system could increase the utilization of surplus renewable energy to 30% and

reduce more emissions of CO» than the traditional operation system. Ref. [92] proposed a coordinated
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bidding strategy for wind farms and P2G facilities. Simulation results indicated that profits of both the
wind farm and the P2G facilities could be increased by using the proposed bidding strategy. In [93], a
scenario-based stochastic decision-making model was proposed to facilitate the operation of both the
natural gas generating unit (NGG) and P2G conversion facilities. The effectiveness of the proposed
model was verified based on case studies in the Pennsylvania, New Jersey, and Maryland markets. Ref.
[94] proposed a maximum production point tracking (MPPT) strategy to enhance the performance of
HT-P2G. Simulation results indicated that the proposed strategy can improve the conversion efficiency
and the loading capacity which is beneficial for the HT-P2G in the long term.

Due to the limitation of the investment budgets, the gas generator should determine the optimal
proportion of the different financial tools or physical tools to invest in. In [95], the portfolio theory was
used to find out the optimal energy storage management. The optimal portfolio is where the utility curve
tangents to the efficient frontier, which is the set of optimal portfolios that provide the highest expected
return for a given level of risk or the lowest risk for a given level of expected return. In [96], the mean-
variance theory was also used to decide the optimal weight for energy and ancillary markets. Ref. [97]
proposed an adapted power portfolio strategy to optimize the profit per unit of risk of the aggregator.
Simulation results showed that financial risk had been reduced while the robustness to uncertainties has
been increased. Ref. [98] proposed a combined economic-degradation model to enhance the profits of
the distributed energy storage plants by considering the multi-service portfolio of energy storage. Case
studies showed that the long-run revenues can be guaranteed due to lengthier storage life span.

2.1.3  Research Gaps

There are still three issues that remain unaddressed. The research gaps could be summarized in three
aspects. First, the risk hedging strategy for gas generators lacks a careful consideration of the energy
market and the financial market. For the energy market, the spot market and the ancillary market should
be examined as well. Ref. [99] investigated the risk hedging of the hydropower plants. Model efficiency
on risk hedging has been tested via simulation in the Brazilian market. However, the model only
considered the spot market in the traditional power system. Similar to [99], Ref. [100] proposed a
decentralized and interdependent risk hedging model that includes both the coordination optimization
model and the risk-aware optimal power flow model. However, only the traditional power system

modeling is considered, whereas the energy market operation analysis is lacking.
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Second, both financial and physical tools need to be combined with hedging risks and ensuring the
profits of the gas generator. Financial tools like forward, options, and swaps are common financial
derivatives to hedge risks. As for physical tools, energy storage like P2G and battery can be used to
smooth the energy usage. Ref. [101] used the forward contract to hedge the risks of end-users on fuels
and electricity purchasing. A forward contract has been used to determine the energy amount and price
in a future transaction. For [102], it utilized exotic options to hedge both the price and quantity risks of
the power generator. It is an option that includes a variety of options and other financial derivatives.
However, physical tools are lacking, which will limit the application of the derivatives. This is because
options like short put and short call require the energy storage to make a price difference gain. In [103],
mean-variance portfolio theory has been used to allocate the proportion of the energy storage into each
market, whereas only physical tools are used to hedge risks.

Third, budget constraints on investment have to be involved in the decision-making process. Since the
budgets for investments are limited, efficient allocation of resources like financial tools and physical
tools is necessary. Regarding [102], the proposed exotic option included an infinite collection of
derivatives, which is unrealistic and not applicable to the real-world case. To test the model efficiency,
constraints like budget limitation should be considered. Thus, proper models and theories have to be used
to determine the optimal proportion of the tools. All three types of markets need to be examined to
provide a more comprehensive analysis of the effectiveness of the financial and physical tools used by
the gas generator. In addition, the bidding process should be considered in both the energy spot market
and the ancillary market [104].

2.2 Risk Hedging Strategy for the Energy Retailer in the Retail Market
2.2.1 Risks Encountered by the Energy Retailer

With the penetration of DERs, greenhouse gas emission has been substantially reduced [35]. However,
the incorporation of DERs will lead to a large-scale demand fluctuation. As a result, an imbalance of
demand and supply might occur [36]. The risks of demand fluctuation caused by the penetration of DERs
normally happen at the distribution level. Although this type of risk will not cause tremendous losses for
the electricity retailer, it happens more frequently. Normally, to hedge this type of risk, retailers can first
sign bilateral contracts with generation companies (GENCOs) to stabilize the electricity prices and cover

majority of the estimated demand [37]. Then, when overconsumption occurs, the retailer will compensate

23



for the demand gap from the spot market at the real-time electricity price [36]. Furthermore, the increase
of EEs caused by climate change will further augment the demand-supply imbalance. EEs like bushfires
and ice storms can lead to huge damage to power transmission lines and towers, which will make the
retailers unable to satisfy the demand requirements [36, 38]. The risks caused by EEs normally occur at
the transmission level. Although the occurrence of this type of risk is rare, the damages are tremendous.
Studies on the risk hedging strategy of this type of risk from the perspective of energy retailers are lacking.
It can be found that energy retailers incur risks at both the transmission and distribution levels. Therefore,
more appropriate risk hedging strategies should be developed for retailers to hedge both types of risks.
Additionally, the impact of DERs and EEs should be incorporated as well.
2.2.2  Risk Hedging Strategy for the Energy Retailer

In the literature, risk hedging strategies relating to both the transmission level and the distribution level
are discussed. For the risks of the transmission level, most of the existing literature hedged the risks from
the perspectives of the system planner, the power generators, and the electricity retailers. For literature
from the perspective of the system planner, system stability and security problems were focused on. For
example, ref. [105] proposed a data-based robust optimization model for the system planner to enhance
the electric-gas systems against sequential extreme weather events. The system state was adjusted
immediately after each occurrence of extreme weather events to minimize the costs of the system. Ref.
[106] established a rare association rule learning system for the system planner for the long-term
prediction of the weather-related EEs to identify the spatial and temporal distribution of the system
security weakness. An ensemble system was formulated to assess continuous and discrete environmental-
input features separately. From the viewpoint of the power generators, literature studied the methodology
to hedge the financial risks of demand volatility and price fluctuation. For example, ref. [107] proposed
a methodology for the power generator to forecast the density of the long-term peak electricity demand
under the impact of extreme weather. A semi-parametric additive model was used to estimate the
relationship between the electricity demand and the driver variables, including temperature and economic
variables, etc. Simulation results showed that the financial risks of demand volatility could be evaluated
and hedged. Ref. [102] designed a power option for the power generator to hedge price-quantity risk in
a competitive electricity market. Results showed that the proposed option could address the problem of

lacking liquidity in the current bilateral electricity trading scheme. For literature focusing on risk-hedging

24



strategies for the electricity retailer, ref. [108] proposed a deviation mutual insurance mechanism to
reduce the energy deviation settlement costs of the retailer through contract transfer. Simulation results
indicated that the deviation between energy consumption and energy contracts could be reduced.
However, references that focus on the transmission risk-hedging strategy from the perspective of the
retailer are rare.

For the risks of the distribution level, most of the existing literature hedged the risks from the
perspective of the end-users and electricity retailers. From the perspective of the end-users, references
mainly studied the method to reduce energy costs. For example, ref. [109] proposed a real-time price-
based demand response management model for heat and power consumers to hedge real-time price risks.
The price uncertainty was considered via robust optimization to minimize worst-case heat and electricity
purchase costs. Numerical results showed that the energy costs of the end-users could be minimized
considering the uncertainty of the electricity prices. Ref. [110] formulated a two-stage stochastic
decision-making methodology that enables end-users to decide the optimal energy procurement under
the uncertainty of electricity price and renewable supply to reduce energy purchasing costs. Ref. [111]
constructed a grand energy coalition for the end-users based on cooperative game theory to optimize the
ESS operation. Case studies showed that the energy coalition could reduce the variability of the load
profile and energy purchase costs. In addition, the allocation of the cost savings from cooperative energy
storage operations could incentivize the end-users to stay in the grand coalition. From the perspective of
the retailers, most references focused on the risk-hedging strategies for mitigating demand and price
fluctuation. For example, ref. [112] designed an optimal demand response call option for the retailer to
hedge the risks of demand-supply imbalance caused by renewable resources. The retailer could exercise
the call option to conduct load curtailment when there was a high chance of peak load. Results showed
that optimal social welfare could be obtained. Ref. [113] proposed an integrated model to estimate the
profitability of retailers with responsive end-users. The model was designed to identify the demand
responsiveness impact of the end-users on the spot prices based on their price elasticity. It provided
insights to quantify the effect of demand response and risk reduction of the retailers. Ref. [114] proposed
three new designs of demand response programs based on the robust optimization approach to minimize
the energy procurement costs of the retailer. Ref. [115] modeled the financial risks of market price

uncertainty using expected downside risks to configure the forward contract portfolio and determine the
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selling price. Ref. [116] ensured a risk-constrained payoff for the retailer based on varied bilateral
quantities and associated prices. Risks are quantified via the risk-adjusted recovery on capital. Simulation
results showed that the proposed method could ensure a risk-constrained payoff for the retailer.

2.2.3  Research Gaps

However, there are still four aspects of issues that remain unaddressed by the existing literature. First,
the current risk-hedging strategy for the retailer is incomplete. First, most of the references studied the
risk-hedging strategies for retailers at the distribution level to mitigate demand fluctuation, such as [112,
113]. With the penetration of weather-related EEs, the supply shortage risks caused by the EEs at the
transmission level is happening, which can cause huge losses to the retailer. However, references are
lacking on risk-hedging strategies toward the risks caused by the EEs at the transmission level. To fully
consider both supply shortage and demand fluctuation risks, more comprehensive risk-hedging strategies
are needed for the retailer.

Second, since the EEs are of extremely low probability but tremendous damages, the total loss value
predicted would be smaller, such as [117]. As a result, the retailer would pay a smaller amount of
insurance premium to cover the total loss value predicted. However, a lower amount of insurance
premium would lead to a higher amount of insurance excess. Consequently, the retailer was unable to
claim monetary compensation back even when there were damages caused by the EEs. To enhance the
hedging effectiveness of the insurance, a proper risk valuation method must be developed to incorporate
the risk preference of the retailer and facilitate the retailer to predict the total loss value and pay the right
amount of insurance premium for the right insurance contract.

Third, the existing risk-hedging methods rely heavily on the prediction of the electricity price, such as
[36, 37, 118]. As a result, when the predictions of the electricity price are inaccurate, the effectiveness
of the hedging tools is compromised. Hence, a more price-irrelevant financial tool is needed to reduce
the reliance of the retailer on the prediction of the price level.

Fourth, the retailer has a limited capital investment for risk-hedging strategies in real practice.
However, the existing literature failed to consider the investment budget constraints of the retailer, such
as [108, 112, 113], neglect of which will lead to impractical hedging tool portfolio decisions. Thus, it is
necessary to incorporate the influence of budget restrictions.

2.3 Risk Hedging Strategy for the EVCS in the Retail Market

26



2.3.1 Risks Encountered by the EVCS

EVs are believed to have the promising potential to reduce greenhouse gas emissions and urban air
pollution if EVs are charged with renewable energy [41, 42]. As a result, EVs are burgeoning to gradually
replace GVs [43]. Under this context, the synergistic effect of PDNs and TNs has become an emerging
topic to discuss [44, 45]. To be specific, the growth of EVs will increase the EV traffic flow in TN. Then,
the increasing EV traffic flow will increase the charging demand at EVCSs, and the increased charging
demand at EVCSs will further affect the operation of PDN. To this end, the increasing penetration of
EVs can pose a potential impact on the security and stability of the PDN [44]. Additionally, the
substitution of GVs with EVs might induce two types of potential risks for TN [45]. First, EVCSs are
usually constructed on prosperous roads to obtain more traffic capture, but the attraction of the additional
EV flow will worsen the traffic condition. Second, the charging behavior of EV users might cause long
queueing lengths within certain EVCSs. Hence, the EVCS plays an important role in guiding EV users'
charging selection decisions through pricing strategy to mitigate the above-mentioned issues.
2.3.2  Risk Hedging Strategy for the EVCS

The pricing strategy of the EVCS is investigated in the literature. However, in some of the existing
references [119, 120], EVCSs simply applied the DLMP as the charging price. Although DLMP has the
advantage of stimulating EV loads to maintain the voltage, current, and power flow within acceptable
limits and alleviate the congestion of PDN, using the DLMP can only cover the marginal costs of EVCSs.
Thus, it fails to facilitate the EVCSs to gain higher profits. In practice, EVCSs are self-interested [121].
Hence, EVCSs can formulate their own pricing strategies to not only cover the cost of EVCSs but also
gain higher profits. For example, in [122], a dynamic pricing strategy for EVCSs was proposed to
maximize their charging profit under a realistic environment where various types of EVs were considered.
An algorithm based on the price elasticity of EVs was developed to find the parameters required for
charging management, including information like EV arrival, renewable energy output, price of
electricity, etc. Simulation results proved that the proposed pricing strategy could achieve close-to-
optimal performance for EVCSs. In [123], a combinatorial online pricing strategy was presented via a
reward-based model to increase the charging profit and prevent power outages. In such a strategy, EVCSs
were incentivized by the utility on their contribution to charging load shifting. Results showed that the

charging profit of the EVCS was enhanced. In [121], an optimal charging price strategy was proposed
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considering the interdependent operation of both PDN and TN to maximize the charging profit of the
EVCS. To incorporate the circumstance of increasing competition among EVCSs, an optimal pricing
strategy for the EVCS was proposed in [124] to maximize the charging profit in both monopoly and
duopoly markets, in which the charging service was offered by one EVCS and two EVCSs, respectively.
Similarly, in [125], the competition between EVCSs was considered to maximize the charging profit. In
[125], the pricing strategy was proposed based on a multileader-multifollower Stackelberg game model.
In this model, the EVCS optimized the charging price according to the prediction of the EVCS selection
decision of EV users and the pricing decision of other EVCSs. Some references not only aimed to
maximize charging profit but also aimed to enhance customer satisfaction or PDN stability via pricing
strategy. For example, in [126], a stochastic dynamic pricing and energy management policy for the
EVCS was proposed to balance the competing objectives of profitability enhancement, customer
satisfaction assurance, and PDN security. In [127], an online pricing scheme for the EVCS was
formulated, considering both the EV driver behaviors in EVCS selection and the EVCS behavior in
charging service management. Results showed that both customer satisfaction and EVCS profitability
could be enhanced.

Apart from increasing charging profit, in some references, the pricing strategy could enhance the QoS
at the EVCS. In [128], an optimal pricing scheme was designed to reduce the service dropping rate of
the EVCS based on the queueing network that had multiple services and heterogeneous service rates.
The relationship between the dropping rate and the station-selection decision of EV users was formulated
to minimize the number of EVs leaving the EVCS. In [129], a scheduled flat-rate pricing policy was
formulated considering different battery sizes and the charging services EV users choose (i.e., DC or AC)
to reduce the waiting time of the EV users in the queue. In this policy, EV users were deterred from
charging more than an energy threshold, hence reducing the load and waiting time at the EVCS. In [130],
a coordinated dynamic pricing model was proposed to minimize the waiting time of EV users at the
EVCS via inspiring the temporal EV load shifting during evening peak load hours. A heuristic solution
was introduced to minimize the overlap between EV users and residential peak load periods. As an
improvement, [131] not only ensured the QoS at the EVCS via the proposed pricing strategy but also
preserved the smart grid stability. In [131], peak load management (PLM) was presented to schedule EV

charging or discharging processes based on the available information acquired via smart communication
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technology and equipment, such as roadside units. As a result, the system stability in terms of peak load
reduction and the EV satisfaction in terms of power requested with reduced waiting time was ensured.
2.3.3  Research Gaps

However, there are still three issues that remain unaddressed in the existing literature. First, although
[124, 125] analyzed the competition among EVCSs based on a Stackelberg game model, the relationship
between the TN and the price competition is ignored. In practice, the competition among EVCSs is
established based on the TN. For example, when the EVCSs are close to each other, the competition
between them might become intense. On the contrary, when the EVCSs are far from each other, the
competition between them might become less intense. If two EVCSs are not related to each other in TN
through traffic flow, they do not have a competitive relationship. Hence, the competition model in the
literature, such as [124, 125], may overestimate the competition degree.

Second, in some of the existing literature [120, 132, 133], the pricing strategy of the EVCS is
formulated based on the demand responsiveness of individual EV users towards the charging price. For
example, in [132], the pricing strategy is formulated by solving each EV decision problem based on
travel time and charge cost minimization. Similarly, the pricing strategy of [133] utilized a congestion
game to model the route-selection and station-selection behavior of each EV to minimize the travel
duration and energy consumption costs. However, this type of pricing strategy formulated from the
microscopic view of individual EV users showing the response of EVs towards the charging price is
problematic in two aspects. First, the computational complexity of the pricing optimization of these
references will increase significantly as the number of EVs increases. Despite using the clustering method,
it might still be computational complex to optimize the detailed EV charging behavior of each cluster.
Second, it is almost impossible for EVCSs to have access to real-time or future data related to traffic
flow conditions, SOC of individual EVs, and the traveling plan of individual EVs. Hence, the pricing
strategy of [120, 132, 133] can only be applied to day-ahead pricing or long-term pricing where the
energy price is pre-determined using historical data. As a result, it is more computationally efficient to
formulate a pricing strategy for the EVCS from a more macroscopic view by considering the total
demand responsiveness towards the charging price. There are research articles modeling the pricing
strategy of EVCSs from an aggregated viewpoint by considering the aggregated charging demand, such

as [121]. However, it is assumed in [121] that the total charging demand was inelastic to the charging
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price, which is obviously inappropriate. As an improvement, in [43], price elasticity was utilized to
analyze the relationship between the charging price and the total charging demand. However, it should
be noted that the queueing length at the EVCSs can also influence demand responsiveness. Therefore,
the balance between charging price, total charging demand, and queueing length needs to be further
investigated.

Third, the impact of the queueing length on EV users' charging behaviors is not investigated [134].
EVs normally will need to queue before connecting to a plug during peak charging periods. However,
the EV may leave the queue due to impatience when the queueing length is too long, which will reduce
the QoS of the charging station and EV satisfaction. Hence, to increase the effectiveness of the
formulated pricing strategy, it is necessary to investigate the behaviors of EVs towards the queueing
length.

Table 2.1 is added to summarize the pricing strategies in the literature as well as the proposed pricing
strategy from five main aspects, namely, the modeling of PDN, the modeling of TN, the competition
between EVCSs, the modeling of EV behaviors in station selection, routing, or charging process, and the
charging demand responsiveness towards the charging price. Noted that demand responsiveness towards
price means that the pricing strategy of EVCSs is formulated considering the demand responsiveness,
which is further classified into four sub-aspects, i.e., the aggregated demand response, the individual

demand response, the inelastic demand response, and the elastic demand response.

TABLE 2.1. METHODS SUMMATION REGARDING THE PRICING STRATEGY

Competition BV Demand responsiveness towards charging price
PDN | TN between behaviors Aggregated Individual Inelastic Elastic
EVCSs response response response response

3] - - - - ol - - J
[6] J v - - - - - -
7] J v - - - - - -
8] - - - - ol - J -
[10] V - - - - - - -
(1] - - v - - - - -
2] - - \ ] N ] ] N
mr | V|- - i N - ] N
[14] V - - v - - - -
(191 V| i - ] N - N
[20] \/ v - \ - Y - -

30




|Proposed| S | S | N N v - - N

2.4 Risk Hedging Strategy for the Shared ESS Coordinator in the Energy Sharing or Energy
Storage Sharing Market

The installation of DERs, such as rooftop PVs, is promising in reducing greenhouse gas emissions
[39]. However, the power generated by the DERSs is intermittent, which will cause system stability and
security issues [40]. Thus, the ESS is implemented to smooth the power generation. The benefits of the
BESS have been well recognized in terms of generation backup, transmission alleviation, voltage control,
frequency regulation, etc. Apart from BESS, the P2G is also a promising ESS technology since the
process of electricity-hydrogen conversion is carbon-free if electricity is from renewable energy [55, 56].
P2G devices can convert excess electricity into hydrogen through water electrolysis, and the energy is
stored in the form of gas. Then, the gas can be converted back to electricity by the installed gas generators
and fuel cells when needed [34]. Therefore, applying the P2G as an additional ESS can increase the
flexibility of the integrated multi-carrier energy system and provide the customer with reliable services.

As one form of energy, hydrogen offers an opportunity for sector coupling between the electricity, gas,
and transport sectors. According to [82], hydrogen is a versatile energy carrier that can be served as an
input into a range of industrial processes. The application of hydrogen can enable deep decarbonization
across the energy and industrial sectors. Hydrogen can also facilitate the transition to high penetration of
intermittent renewable generation in the electricity network. Moreover, governments are putting more
emphasis on the application of hydrogen. The Australian government formulates a series of development
strategies for the hydrogen industry [82]. The National Hydrogen Roadmap report of the Commonwealth
Scientific and Industrial Research Organization (CSIRO), Australia, states that the most significant near-
term opportunity is blending hydrogen into the existing natural gas network for heating systems in
buildings [82]. With the advancement of the P2G technology in the future, excess renewable energy
could be economically stored on a large scale in the form of gas (natural gas or hydrogen).

However, the capital costs of the ESS are still expensive at this stage. To reduce the investment costs,
the concept of energy storage sharing has been put forward. As a result, it is more economical for a group
of prosumers to share the ESS invested and managed by the coordinator rather than investing in the self-
built ESS [73, 74].

2.4.1 Risks Encountered by the Shared ESS Coordinator

With the burgeoning of DERs, the energy demand-supply imbalance is becoming more server, which
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might be detrimental to the sharing profit of the ESS coordinator. As a result, proper sharing mechanisms
and relevant risk hedging strategies in an integrated energy system need to be developed to enhance the
comprehensiveness of the sharing model and the utility of the ESS coordinator.

2.4.2  Risk Hedging Strategy for the Shared ESS Coordinator

In the literature, some references focused on the operation strategy in an energy-sharing market. For
example, ref. [46] proposed a fair peer-to-peer energy sharing framework among the buildings within a
community. A cost reduction ratio distribution model had been proposed to ensure the fairness of the
sharing payments. Results showed that the energy costs of the buildings could be reduced, and the net
demand profiles of the buildings were smoother and smaller. Ref. [135] developed a risk aversion energy
sharing model based on a devised local energy market. Results showed that not only the energy costs of
the prosumers could be reduced, but also the information security of the energy sharing process could be
ensured via blockchain technology. Ref. [136] proposed a bi-level game-theoretic energy sharing model
to determine the optimal sizing of the PV panels. Numerical results showed that the economic benefits
of the PV prosumers could be improved. Ref. [137] constructed a grand energy coalition for energy
sharing based on cooperative game theory, in which the financial incentives from energy sharing were
fairly allocated among the prosumers via the Nucleolus method. Simulation results showed that the
cooperative energy management had been scaled up from 15 players to 100 players.

Apart from the operation strategy, some references investigated the pricing strategy in the energy
sharing market. For example, ref. [138] proposed a pricing strategy for energy sharing in community
microgrids based on the supply-demand ratio. Simulation results indicated that the electricity bill of the
consumers was reduced by 12.4%, and the annual income of the prosumers was increased by £57. Ref.
[72] proposed an optimal DERs sharing allocation and pricing strategy based on the welfare
maximization model and game-theoretical model. Results showed that the welfare of both prosumers and
consumers could be maximized in both models. Ref. [139] proposed an energy sharing and pricing
strategy to deal with the market bidding problem of virtual energy stations in the multi-carrier energy
system. Results showed that a win-win situation for all inner energy cells could be achieved.

For literature focused on the operation strategy of capacity sharing, ref. [47] proposed the capacity
sharing and operation game. Each agent determined two actions: the capacity trading and the day-ahead

charging/discharging decision. It was found that by using the proposed model, both the energy costs and
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the peak-to-average ratio could be decreased. Ref. [69] proposed a two-stage capacity sharing model
between the coordinator and the prosumers. Numerical simulation indicated that the proposed two-stage
model could reduce the costs of the users by 34.7% and the capacity invested by 54.3%. Ref. [140]
proposed the combinatorial auction for resource sharing of energy storage. Resource like the capacity,
energy, and charging/discharging power was purchased from the energy storage operator via the auction.
The operator would determine the winner of the auction and the related payments. Simulation results
showed that both the social welfare and computational efficiency could be enhanced.

Except for operational strategy, some literature studied the pricing strategy for capacity sharing. For
example, ref. [70] proposed a data-driven pricing method for PV generation and energy storage sharing
in residential building clusters. Ref. [68] proposed an auction pricing model on joint energy storage
ownership sharing between the sharing facility controller and the residential community. Ref. [69]
developed a novel business model to optimize virtual energy storage sharing among users based on two
capacity pricing strategies. Results showed that the costs of end-users could be reduced by 34.7% via the
proposed pricing strategies. However, research that focuses on the pricing strategy of capacity sharing is
still rare.

2.4.3  Research Gaps

There are still three issues that remain unaddressed in the existing literature. As for the first issue, most
of the references did not reveal the essence of the sharing economy. For example, refs [46, 47] modeled
energy sharing as an energy trading process. In such a trading process, the pure consumers could
participate and benefit from the sharing economy by purchasing electricity at a relatively low price [48].
However, they made less contribution toward energy sharing. It would result in the end-users being less
incentivized to invest in DERs. As for the prosumers, they were also less incentivized to participate in
energy sharing. Furthermore, the current literature lacked the link between capacity and energy sharing.
It is expected to formulate a method that can integrate both sharing services.

For the second factor, the existing literature on energy sharing utilized the same sharing price for all
end-users. It neglected that different end-users had different energy consumption profiles. Consequently,
using the same sharing price could not incentivize individual end-user, for example, in [28, 69, 78], the
same sharing price was formulated for all the prosumers, which was derived via the optimization process.

Without applying a customized pricing strategy, the prosumers would not be willing to participate in the
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sharing process. Furthermore, the pricing strategy of these references did not make use of the dynamic
demand-supply information, such as [69, 72]. Such a pricing strategy would reduce the profit of the
coordinator [141].

For the third factor, most of the references only considered the virtual layer of the sharing process, i.e.,
the pricing strategy, the operation management, the incentivizing mechanism, etc., whereas the physical
layer of the sharing process was ignored. For example, [69, 138, 139] neglected the voltage and capacity
constraints and network power loss. Thus, these references cannot ensure the security of the power
system in the sharing process.

2.5 Risk Hedging Strategy for the End-user in the Retail Market

EVs have the promising potential to be effective in mitigating greenhouse gas emissions in the
transportation sector. EVs outweigh GVs in terms of energy saving, carbon reduction, and environmental
protection [128]. Hence, the penetration of EVs in some countries has experienced steady growth. In this
thesis, EV users are mainly focused. In practice, PEV is a common type of EV powered by electricity
that is undergoing dramatic development. However, the burgeoning of PEVs can bring new challenges
to charging management. Especially when massive EVs simultaneously gather at stations, long queueing
lengths and long waiting times might happen, which will reduce the comfort and utility of EVs. In recent
years, hydrogen has become a versatile energy carrier that can be served as an input into a range of
industrial processes, including the EV industry [78]. Thus, FCEV has become another type of EV that is
powered by hydrogen, which has the advantages of high reliability and high efficiency [142]. Compared
FCEV with PEV, the energy service time is significantly reduced via hydrogen refueling. Thus, the
problem of long waiting times can be mitigated. However, the energy costs of hydrogen refueling are
higher than electricity charging. As a result, PH2EV, which consumes either electricity or hydrogen, can
be served as a new promising type of EV to balance energy supplement duration and energy cost. In
addition, PH2EVs can increase the flexibility and alternatives of energy. Although PH2EV is still in the
prototype stage, it can reach mass commercialization once some technical and financial issues are
overcome in the future.

2.5.1 Risks Encountered by the EV User
However, the uncontrolled and random charging pattern of EVs can cause reliability and security

issues to the grid [44]. In addition, the comfort and utility of EV users might be compromised. Thus, to
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ensure the practicability of the EV industry, it is necessary to develop proper charging/refueling
navigation strategies for all EVs.
2.5.2  Risk Hedging Strategy for the EV User

In the existing literature, these strategies can be categorized into three types, i.e., station selection,
routing, and energy purchasing strategies. For literature that investigated the station selection strategy of
EV users, ref. [143] proposed a station selection guidance for EV users based on the virtual service range
to save energy costs for EV users. Additionally, a charging priority index was formulated to evaluate the
utility of EV users gained from the station selection decision. The higher the index is, the better off EV
users will be. Differently, ref. [144] provided a user-oriented EV control scheme based on an efficient
assignment of EVs to charging stations that could minimize the mean travel time of EVs. Moreover, ref.
[79] formulated multiple evolutionary games to guide EVs to choose fast-charging stations based on the
energy price that could minimize the traveling time and waiting time. However, privacy leakage of EV
users might occur during the information communication process. Hence, to avoid privacy threats, ref.
[145] proposed a blockchain-based efficient station selection protocol for EV users to minimize both
charging time and waiting time. This protocol could facilitate EVs to select stations without sharing
private information to stations.

For literature that considered the navigation strategy of EV users, ref. [146] formulated a route
scheduling for EVs based on the online EV system and microwave power transfer system to maximize
the total residual energy so that all EVs could arrive at their destinations. Similarly, the energy
consumption of a trip was optimized in [80] via model-based strategies that considered specific EV
parameters, the topology of TN, and real-time traffic conditions. For reference that aimed to minimize
the traveling time when making routing decisions, ref. [147] introduced an intention-aware routing
system to minimize the expected journey time of EVs. Simulation results showed that the proposed
system could reduce the overall journey time by 50%. Furthermore, ref. [148] not only developed a
navigation algorithm that could reduce traveling time, but energy efficiency could be achieved as well.
In addition, the battery longevity of EVs could be improved.

For literature that studied the energy purchasing strategy of EV users, ref. [149] proposed a delay-
optimal charging scheduling to minimize the mean waiting time of EVs at the station. Apart from

minimizing waiting time, some references aimed at reducing charging bills. In [83], a real-time energy
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management algorithm was proposed to reduce the charging bills of EVs and achieve peak load shaving.
Similarly, in [150], an offline and online scheduling algorithm for EVs was proposed to reduce charging
costs. There is literature that modeled not only the energy purchasing decisions but also the navigation
decisions. For example, ref. [81] developed an intelligent vehicle-to-vehicle charging navigation strategy
for traveling route selection, as well as the best charging-discharging EV pair matching. Ref. [84] also
proposed an optimal routing and charging framework for EVs to increase the welfare of EVs and reduce
fuel and charging costs.
2.5.3 Research Gaps

However, there are still two issues that remain unaddressed. First, most of the existing literature
formulated EV decision-making strategies according to the expected utility of EVs under the assumption
that EV users are rational, such as [79-81]. However, this assumption deviated from real-life decision-
making due to the subjectivities of EVs. Hence, it is necessary to consider the irrationalities of EV users
in formulating decision-making strategies. Second, besides normal charging/refueling navigation
problems, there exists an energy substitution between electricity and hydrogen for PH2EV, which is not
investigated in existing charging/refueling navigation literature [83, 84]. It is important to incorporate
the impact of energy substitution in energy purchasing strategy formulation so that the balance between
energy cost and energy supplement duration can be obtained by purchasing the right amount of electricity
and hydrogen.
2.6 Conclusion

This chapter provides a thorough literature review relating to the risks encountered by both the energy
supply side and the energy demand side in the energy wholesale market, retail market, and the energy
sharing/energy storage sharing market. Moreover, the relevant risk hedging strategy, as well as the related
research gaps, are logically elaborated. The summarized efforts done in the literature can help to 1)
understand the fundamental concept of the energy market and risk hedging strategies for the various
market participants; 2) identify potential gaps between research and practice. To sum up, this chapter

forms the basis for risk hedging studies in the subsequent chapters.
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3. RISK HEDGING FOR GAS POWER GENERATION CONSIDERING

POWER-TO-GAS ENERGY STORAGE IN THREE DIFFERENT

ELECTRICITY MARKETS

The increasing penetration of intermittent renewable energy has introduced great risks to energy systems
and markets. As a result, extensive research on ESS has been undertaken to address the risks caused by
renewable energy. Among different types of ESSs, the P2G storage devices are of great potential. Thus,
P2G has been used in this chapter as a storage device to provide gas fuel for gas power generators. The
aim of this chapter is to investigate a portfolio strategy for gas generators to earn profits and hedge risks
in three different electricity markets, namely, the spot, the ancillary, and the financial markets. The
presented approach is to apply energy storage and financial derivatives to hedge the market risks of gas
generators, including short put option and short call option, and the option value deduction process is
also involved. Simulations are carried out based on the real historical data from 2016 to 2018 in the
Australian electricity markets. Three cases are presented, namely, the traditional model, the individual
market case, and the proposed portfolio model. Based on the comparison of the three cases, simulation
results show that the proposed portfolio model will help gas generators to earn a return of 1.0429 and
hedge risks down to 0.0018. It has been found that the returns of the proposed model from 2016 to 2018
are 26.3% higher, whereas the risks are 88.1% lower on average compared with the traditional model
and the individual market case.
3.1 Introduction

The emerging P2G technology has attracted significant attention. First, the energy storage costs of the
P2G are relatively low compared to other energy storage devices. And it is suitable for the gas generator
to use the P2G device to store energy. Second, the use of P2G can increase the flexibility and alternatives
of energy. Although the model in this chapter can be applied to other types of storage devices like the
battery, P2G will be the focus due to the reasons mentioned above. The operation mechanism of P2G is
to convert surplus renewable energy to natural gas via electrolysis, while natural gas can be economically
stored on a large scale. When needed, gas-fired power generation can be used to convert natural gas back
to electricity. Therefore, P2G can be deemed a promising ESS. Meanwhile, gas power generation plays

an important role in converting stored clean natural gas to electricity and will account for an increasing
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share in electricity markets if more P2G is deployed. This is the reason that this chapter will focus on the
risk hedging strategies for gas power generation considering its gas fuel supply coming from P2G.

The operation of gas power generators is in alignment with the current attention on reducing
greenhouse gases [1]. Although the application of gas generation will facilitate renewable energy
integration during an emergency due to its fast-response capability, the penetration of intermittent
renewable energy will make the demand more unpredictable and hence more price volatility in electricity
markets [2]. With the emerging P2G technology, gas power generation can improve its fast-response
capability to store the surplus renewable energy and smooth the electricity price fluctuation [3]. Hence,
it is suggested to use ESS to smooth the fluctuations in electricity prices. As a kind of energy storage
device, P2G can be used in the spot, the ancillary, and the financial markets to store energy and earn
profits in this chapter. The operation process of the gas generator with the P2G devices may smooth the
fluctuation to some extent. However, it will still encounter high risks, and the profits will be influenced
by the fluctuation of electricity prices. Thus, more comprehensive approaches are required.

In the literature, to maximize profits and hedge risks, financial derivatives were used by gas generators
in [4]. These derivatives comprise forward contracts, futures, swaps, options, etc. [5]. It is common for
the gas generator to use a bilateral contract or the future and forward contract to hedge risks [6]. However,
they only utilize financial tools to hedge risks. As for [10], both physical and financial tools were used
to hedge risks arising from the profit variation and the spot price uncertainty in bilateral markets, and the
risk assessment methods are evaluated in detail. Physical tools like P2G will have a promising future due
to the following two aspects of reasons. First, the energy storage costs of the P2G are relatively low
compared to other energy storage devices like the battery. And it is suitable for the gas generator to use
the P2G device to store energy. Second, the use of P2G can increase the flexibility and alternatives of
energy [34, 88-91].

However, there are still three issues that remain unaddressed. The research gaps could be summarized
in three aspects. First, the risk hedging strategy for gas generators lacks a careful consideration of the
energy market and the financial market. For the energy market, the spot market and the ancillary market
should be examined as well. Ref. [99] investigated the risk hedging of the hydropower plants. Model
efficiency on risk hedging has been tested via simulation in the Brazilian market. However, the model

only considered the spot market in the traditional power system. Similar to [99], ref. [100] proposed a
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decentralized and interdependent risk hedging model that includes both the coordination optimization
model and the risk-aware optimal power flow model. However, only the traditional power system
modeling is considered, whereas the energy market operation analysis is lacking. Second, both financial
and physical tools need to be combined with hedging risks and ensuring the profits of the gas generator.
Financial tools like forward, options, and swaps are common financial derivatives to hedge risks. As for
physical tools, energy storage like P2G and battery can be used to smooth the energy usage. Ref. [101]
used the forward contract to hedge the risks of end-users on fuels and electricity purchasing. A forward
contract has been used to determine the energy amount and price in future transactions. For [102], it
utilized exotic options to hedge both the price and quantity risks of the power generator. It is an option
that includes a variety of options and other financial derivatives. However, physical tools are lacking,
which will limit the application of the derivatives. This is because options like short put and short call
require the energy storage to make a price difference gain. In [103], mean-variance portfolio theory has
been used to allocate the proportion of the energy storage into each market, whereas only physical tools
are used to hedge risks. Third, budget constraints on investment have to be involved in the decision-
making process. Since the budgets for investments are limited, efficient allocation of resources like
financial tools and physical tools is necessary. Regarding [102], the proposed exotic option included an
infinite collection of derivatives, which is unrealistic and not applicable to the real-world case. To test
the model efficiency, constraints like budget limitation should be considered. Thus, proper models and
theories have to be used to determine the optimal proportion of the tools. All three types of markets need
to be examined to provide a more comprehensive analysis of the effectiveness of the financial and
physical tool used by the gas generator. In addition, the bidding process should be considered in both the
energy spot market and the ancillary market [104].

In this chapter, a hedging method relating to the options will be used, namely the short put and the
short call option. However, these two options can only be implemented when there are energy storage
devices because the application of energy storage will make the gas generator possible to purchase energy
at a lower price and sell the energy later at a higher price, which is the operation mechanism of the two
options. With the help of P2G devices, these two types of options can be implemented. Therefore, the
P2G and the financial derivatives will be jointly considered in the portfolio model to hedge the risks of

gas generators. We consider using the short put (sell put) and the short call (sell call) to hedge the risk
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for certain periods. Because the operation mechanism of the two options is more suitable for the
electricity market, it offers a channel of additional payments and a risk-smoothing tool for the original
operation.

Technical terms of the financial options will be given. The term ‘short’ or ‘long’ is irrelevant to the
time scale but simply the behavior to buy or sell an option. Options refer to the right of the option buyer
to sell or to buy an asset at the exercise price on or before a specified date, whereas the seller has no right
but the obligation to that deal [151]. For call options, the buyer has the right to buy the assets. On the
other side, the seller of the call has no right but an obligation to that particular call option. For put options,
the buyer has the right to sell the assets [151]. On the other side, the seller of the put has no right but an
obligation to that particular put option. The specified date in the contract is the maturity date (or
expiration date), and the specified price is called the exercise price or the strike price. In this chapter, the
American options will be used so that the options can be exercised at any time up to the maturity date,
whereas the European option can only be exercised at the predetermined date. To gain the right of the
options, the buyer of the options should pay the premium to the seller, and the seller will receive the
premium as revenues (“a price (premium) is paid or received for purchasing or selling options”) [151].
The main contributions of this chapter are as follows:

=  First, the rigorous mathematical models of profits in three types of markets are presented, namely,
the spot market, the ancillary market, and the financial market. In this model, the revenues and costs
have been calculated to derive the relative investment weights among the three markets. Within the
financial market, two types of options are utilized and accommodated to the operation mechanism
of the gas generator. Both the financial and physical tools have to be considered to hedge the risks
of the gas generator. As for the physical tools, P2G has been chosen due to its promising future
application. Within both the ancillary market and the spot market, a comprehensive bidding process
is also examined. Within the bidding process, the probability of succeeding in a bid is figured out
via a data-driven method that enables deep learning of the previous bidding strategies.

= Second, the concept of the binomial tree has been brought up to deduct the option value. The
purpose is to calculate the premium of the option in the financial markets. This is also a novelty of
the chapter since no previous work on using options to hedge risks has derived the value of the

options. Additionally, the DerivaGem has been introduced as a shortcut to calculate the premium,
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and it is software that will shorten the calculation times for deriving option values. Moreover, the
10-step tree has been displayed to illustrate the operation of the DerivaGem.

=  Third, a novel investment decision strategy among the three markets based on the portfolio model
has been proposed. By considering the budget limitations of the gas generator, portfolio theory has
to be applied to determine the optimal weight of the three markets and the optimal weight of short
put and short call options within the financial market. By plotting the minimum variance frontier,
the efficient frontier can be found [151]. Then the utility curve will be used to tangent the efficient
frontier. It can serve as a reliable method for asset management for the gas generator that
participates in the spot, the ancillary, and the financial market.

3.2 Framework

This chapter will involve three different markets that are interacted with each other, namely, the spot,
the ancillary, and the financial markets. By the application of the mean-variance theory and utility
maximization, the optimal investment weight can be determined for each market under certain budgets
restriction.

Fig. 3-1 shows the proposed framework and the time axis that is used to calculate the revenues and the
costs. In Fig. 3-1, n time slots are equal to one year and N periods are equal to N years. The revenues and
costs every 30 minutes will be aggregated to calculate the annual revenues and the costs of the three
markets. Then the annual return and risk will be calculated to derive the expected return and risks for N
years. In this framework, the bidding strategy is modeled for both the spot and the ancillary markets.
However, they are different. For the spot market, the bidding process will occur in both the day-ahead
and real-time markets. For the ancillary market, the bidding process includes the strategy to provide
upward/downward-enabled energy and capacity. As for the financial market, the short put and short call
options are utilized to form a portfolio. It is the first application of the portfolio strategy. After that, the
mean-variance portfolio theory will be used again to calculate the optimal weight of investment in the

three markets, which is the second application of the portfolio strategy.
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Fig. 3-1. The proposed framework of the mechanism within the three markets.

3.3 Models for Spot Market Bidding

In the spot market, the market-clearing includes both day-ahead and real-time adjustments. The day-
ahead scheduling power and the real-time power adjustment will be the bidding targets. Since it is based
on the historical data obtained from the ISO, a probability distribution has been used to model the day-
ahead and real-time energy prices. Thus, the net profits of the gas generator in the spot market can be

derived as [1]:

nl nl nT nT
maX.NPS = z RS (t)— Z CS (t)— Z Coper(t)—ZCammal (31)
t=n(T—1)+1 t=n(T—1)+1 t=n(T—1)+1 T-1

where R®(1), C*(t), Coper(t) and Camma are the bid-to-sell revenues, bid-to-buy costs, operation

costs of the P2G storage device at time #, and the annualized capital costs of the P2G device.

The revenues of the gas generator in the spot market include the bid-to-sell revenues earned in both
the day-ahead and real-time markets. As for the costs of the gas generator, the bid-to-buy costs incurred
in both the day-ahead and real-time markets should be considered. A penalty could occur when the real-
time adjusted power exceeds the limitation of the tolerance level. Other costs like operational costs and
annualized capital costs will be considered as well. It is assumed that the operational costs are equal to a
fixed proportion of the annualized capital costs [1]. The expected revenue function containing both day-
ahead and real-time can be derived as:

ﬂagzl (t)ps[:u (t) + lfiu (t) ApsRell (t):'

; l
R (t) = Xs‘ell (t) X
—VVsell(t) —v_vselz(t)

(3.2)
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0, Otherwise

where A2, (1), A%, (t) and A7, () are the day-ahead electricity price, the real-time electricity price

and the adjusted bidding price to sell electricity at time ¢, respectively; p_,(¢) and Ap}, () are the

bid-to-sell day-ahead scheduling power and the real-time power adjustment at time #; In equation (3.3),

RI
APS@H

(1) and APZ] (1) are the bid-to-sell real-time adjusted power either increasing or decreasing; In

equation (3.2), v_vs@u(t) and wen (1) are the penalty costs for the bid-to-sell stage when the real-time

adjusted power exceeds the limitation of the tolerance level (¢ is the percentage limit of day-ahead

scheduling power). If the limitation level is exceeded, penalty costs will be put on the exceeded part;

otherwise, there will be no penalty costs; A7, () is the penalty price for the adjusted power in the bid-

to-sell spot market. The expected costs involving both day-ahead and real-time can be derived as:

B[ Ay (1) Py (1) + 2 (1) A0, (1)

CS t =,vau_v(t)>< _ 3.6
( ) +M/7my(t)+l/huy(t) ( )
poon ) AR 1)y A (1)< 0, (2)
’”"”(’)_{—Aﬂif(t), 25, (0)> 24, (1) e
, . R Ay (£) < 2, (1) &
_ x( AP, —¢P
(1) = | o (DX (AR (1) =€, 0), ABY (1) > €2 (1) (3.8)
0, Otherwise
. . R Ay (£) > 2, (1) &
A x( AP, —EP s i
(1) = o V(8 ()= 0) AB® (1) > £P2. (1) (3.9)
0, Otherwise

where p, (1) and Ap, () are the bid-to-buy day-ahead scheduling power and the real-time power

adjustment at time £, w (1) and whw(¢) are the penalty costs when the real-time adjusted power
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exceeds the limitation of the tolerance level; AP, (¢) and APbﬁf (¢) are the bid-to-buy real-time adjusted

power either increasing or decreasing; A°

4y (1) s the adjusted bidding price to buy electricity at time ¢

R
j“buy

(t) is the penalty price for the adjusted power in the bid-to-buy spot market; A

4oy (1) s the penalty
price for the adjusted power in the bid-to-buy spot market. As for the annualized costs, it can be derived

as:

Coper (t) = mx & x ICp26x CRF
i(1+i)

(i) i (3.10)

=mxgxICpragx

= mX & X Cannual
where m is the percentage of the maintenance costs in the spot market; & is the half-hour discount
factor; ICr2c 1is the initial investment costs of the P2G device; CRF is the capital recovery factor; i is
the effective annual rate; y is the operation life cycle of the P2G device measured in years; [/Cr26x CRF'

is the annualized investment costs.

S.t.
X;e[l(l‘)-f-Xbuy(t) < 1 (311)
Xyell(t), szly(t) € {0,1} (312)
Piore (1) =
ena( PP (t)+APE (t
X,,, ([®)x et ( b ( ) b ( )) x AtMol
o () RT, |°™ LHV (3.13)
o Veapa X Mol (PseD// (1)+ AP, (1 ))
—X ()% x AtMol + O, (t)—QS (t)

Nais * LHV
where Xeen(t) and Xouy(f) are the binomial variables representing bid-to-sell and bid-to-buy, the
constraints indicate that bid-to-buy and bid-to-sell cannot coexist; pJ . (¢+1)is the pressure of the P2G

gas tank measured in Pa at time t+1; p3  (¢) is the pressure of the P2G gas tank in the spot market

measured in Pa at time #; R is the gas constant measured in Jemol 'K ; T, 18 the mean

temperature inside the gas tank measured in K; ¥, , is the capacity of the gas tank measured in m?;

apA

Mol is the molar mass of the gas measured in kgemol™"; nea is the charging efficiency of the P2G;

14 1s the discharging efficiency of the P2G; LHV is the lower heat value of the gas (MWh/kg); At
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is the time resolution of 30 minutes; O, (t) is the purchased gas measured in kg at time #; O (t) is the

sold gas measured in kg at time ¢.
3.4 Models for Ancillary Market Bidding

Within the ancillary market, we will mainly focus on frequency regulation. P2G will be used to
participate in the upward and downward regulation bidding process. The optimization of the P2G storage
capacity and the enabled energy will be the bidding targets. The purpose of the gas generator in the
ancillary market is to maximize net profits. Therefore, the objective function in the ancillary market can

be derived as [152]:

nl nl nl
max NP = Y RY(t)- Y CU(t)- D Cor(t) (3.14)
t=n(T-1)+1 t=n(T-1)+1 t=n(T-1)+1

where R*(r) and C“(¢) are the revenues and costs of the secondary reserve market at time .

The revenues involving both the gain on capacity and the enabled energy, and both upward and
downward regulation, should be examined. To compare the revenues for the capacity and the enabled
energy, the upward regulation will result in an increase in revenues for the gas generator, whereas the
downward regulation will increase the revenues of the gas generator on capacity but decrease the
revenues on the enabled energy. For the costs, the bid-to-buy costs and the penalty costs for the upward
and downward secondary reserve-enabled energy at time ¢ are considered [152]. Equations relating to

the revenues are shown below:

RY(t)=R:, (1) + Ry (1) (3.15)
RE, (1) =28, (6)x P () + 287 (1)x B (1) (3.16)
RA () = X (0 {22 (65 P (1)) = X (0% {227 (1) PR (1)) (3.17)

where R, (¢) and Rj, (¢) are the revenues for the capacity and the enabled energy of the ancillary
market; Ac; (1) and A2 (¢)are the prices for the upward and downward secondary reserve capacity
at time #; P (t) and P2 (¢) are the power for the upward and downward secondary reserve
capacity at time #; Ay (¢) and A/ () are the price for the upward and downward secondary reserve
energy attime #; Py (¢) and P," (¢) are the power for the upward and downward secondary reserve
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enabled energy at time ¢. The costs function, including the enabled energy and purchased energy, can be

shown as follows:

CH ()= X o ()x{ A, (1) B, (1)} + Bik (1) + B2 (1) (3.18)
o () =
0, Xour (O Pey (1) = P (1) (3.19)
A (DB (0= Xour OPE (1)), X gur (01-PH (1)< P (1)
v (1) =
0, Xy PR (1) = P ™" (1) (3.20)

Ay (O[PS (0= X PR (1)), X (00-PE (1) < PAS"" (1)
where in equation (3.18), (1) and A2 (1) are the penalty costs for the upward and downward

secondary reserve enabled energy at time ¢ If the market signal cannot be reached in the upward or

downward regulation process, penalty costs will be set on the part that equals the difference between the

market signal and the actual enabled power; A7, (¢)and 4, (¢) are the penalty price for the increased

and decreased power in the ancillary market; P}*“"(t) and P}>"" (¢) are the market signal of energy

quantity to regulate upward and downward; A; (¢) and P (¢) are the purchase price and energy at
time ¢.

st Xy (O + Xy ()1 (3.21)

Xy (0, Xoyr (1) € {0:1} (3.22)

X our (1) Py < By (1) (3.23)

Pey (1)< Eg,,. (1) (3.24)

Xy )P () < B (1) (3.25)

P (1) S En—Ey,,, (1) (3.26)

0<E! (1)< Emax (3.27)
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where X, () and X, (¢) are the market signals indicating whether the gas generator involves in

downward regulation or upward regulation. Moreover, upward energy regulation and downward energy

regulation cannot coexist; p7 (t+1) is the pressure of the P2G gas tank measured in Pa at time ¢+/;

Piore (¢) s the pressure of the P2G gas tank in the ancillary market measured in Pa at time #; Emx is

the maximum energy storage capacity of the gas generator.
3.5 Models for Financial Market Option Pricing

To figure out the premium of that specific option, the option value, that is, the option price, must be
calculated first. The option price includes both the intrinsic and the extrinsic value, which is the time
value [151].

Option premium=intrinsic value + extrinsic value

If the option is in-the-money (ITM), the above equation satisfies. If the option is out-the-money (OTM),
the intrinsic value is zero. For the call option, ITM means the spot price is higher than the strike price,
whereas it is the opposite for the ITM put option.

As for OTM, it means the option cannot be exercised [151]. Here we utilize the binomial-tree method
to calculate the option value [151]. It uses an iterative procedure to measure option value.

The option value calculation by using the binomial-tree method will be derived in the following
sections [151]:

Theorem 1: The delta value is the ratio of the option price change to the stock price change, and it is
the amount to form a risk-free portfolio if we sell (short) one option and buy (long) delta shares.

Proof: First, we form a portfolio that includes A long stocks and one short call. If the share price

increases, then at the maturity date, the value of the portfolio will be:

SoxuxA—f, (3.29)

If it is decreasing, the value will be:

SoxdxA— fa (3.30)

where So is the current share price; u is the increasing coefficient; d id the decreasing coefficient;

A is the number of shares to be held; f, is the related option price if the stock price increases to

Soxu; fa isthe related option price if the stock price decreases to Soxd .

To figure out the A that will make the portfolio riskless, the two equations above will be equal.

SoxuxA— fi=Soxd xA— fa (3.31
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Then A can be calculated:

A:& (3.32)
Soxu—Soxd

Theorem 2: In the risk-free world, the parameter P can be treated as the probability that the stock
will increase, whereas (1-P) is the probability that the stock will decrease. Thus, the value of the option
can be calculated.

Proof: If the risk-free rate is r, then we discount the value to the present value using the continuous

discount method:
(SoxuxA— fu)xe™" (3.33)

Since the original costs are:

SoxA— f (3.34)

Then let the discounted value equals the original costs:

(SoxuxA— fu)e"" =SoxA— f (3.35)
So, the option value f can be derived as:

f=SoxA><(1—uxe”‘T)Jrfuxe’rT (3.36)

Plug in equation (3.32), and we can derive:

f=Sox(%Jx(l—uxerT)+ﬁxe’T (3.37)

fux(l—dxe_rT)+fd><(u><e_rT—1)

— (3.38)

f:

Since the above equation is complex, we simplify it into:

=T | fix ¢’ -d U X u-e”
e 20 .-

T _ d ) u— erT
with parameter p and

Thus, we can replace with (1-p). Therefore, we have:

f=e""x[ px fut(1-p)x fi] (3.40)
_erT —d
— (3.41)

Theorem 3: The parameter u and d can be related to the volatility of the share price.

Proof: In the real world, the required rate of return might be different from the risk-free rate r.
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Therefore, r will be replaced by u ; We define oAt as the standard deviation of the return of a

particular stock during a short period At.

By using the equation Cov = E(x)2 —[E(x)]

pxSoxu+(1- p)xSoxd=Sox e o* x Aze™ x(u+d)—uxd —e*™

e —d

P u—d

2
0'2><At=p><u2+(1—p)><d2—[pxu+(1—p)xd]2

o’ x At=e*™ x(u +a7)—u><a7—e2”At

(3.42)

(3.43)

(3.44)

(3.45)

(3.46)

(3.47)

For simplicity, the DerivaGem will be used to calculate the option value, which is the same as the

binomial-tree method [153]. The diagram below displays the operation of the binomial tree by using the

DerivaGem.

Strike price = 100

Discount factor per step = 0.9960
Time step, dt = 0.2000 years, 73.00 days 7| 95.58412
Growth factor per step, a = 1.0040 171.0279
Probability of up move, p = 0.4814 AT| 71.42707
Up step size, u = 1.1436 149.5547 N[ 1495547
Down step size, d = 0.8744 7| 50.35154 7| 49.55473
130.7776 N[ 130.7776
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0.0000 0.2000 0.4000 0.6000 0.8000 1.0000

Fig. 3-2. Five-step binomial tree display

Fig. 3-2 shows an example of the operation of the binomial tree. It is similar to a random walk. The

original asset has a price of 100, it will either increase by u or decrease by d in the following five steps,

and each step equals approximately 0.2 years or 73 days. In the diagram, every box has two values, the

upper value is the underlying asset price, and the lower value is the option price. The value in blue is a

result of early exercise, whereas the value in red is the American option price at present. By using the

DerivaGem tool, p, u, d, and the option value can be calculated automatically.
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3.6 Models for Financial Market

As the penetration of renewable resources become more pervasive, the fluctuation of the demand will
increase dramatically. As a result, it is more difficult to forecast the demand correctly. By merely utilizing
the energy storage devices and the conventional bilateral contract between the gas generator and the
energy retailer, the risks could only be hedged to a limited extent [36]. Therefore, it is necessary to
encompass the financial derivatives to hedge the price risks. For the financial derivatives, the short put
and short call will be used for the following two reasons. First, the gas generator will gain extra profits
from the two types of options, that is, the premiums. Second, it will be more attractive to offer ownership
to other participants in the energy market because whoever purchases the call or put will have the right
to exercise or not to exercise. In contrast, the long call and the long put will be less attractive for the
option buyers. Thus, in this chapter, the financial derivative, including the short put and short call, will
be discussed, respectively. Previously, the thermal generator will also use financial derivatives, such as
swaps or the future contract, but as the development of P2G is not mature, the short put and short call
option will not be applicable. Since the nature of the short put and the short call require the application
of the energy storage devices to store the energy and make price-difference gains. In this chapter, due to
the rapid development of the energy storage devices, the short put and short call, together with the P2G
devices, will be used to hedge the risks in the three markets mentioned above.
3.6.1 Short Put

For short put, the gas generator is the seller of the put options in this chapter. When the spot price is
lower than the strike price, the buyer of the put will execute the options because it will make more profit
at the exercise price. Therefore, the gas generator will be forced to buy electricity at a predetermined
amount at the exercise price. When the market price is higher than the exercise price, no put will be
executed [151]. If P2G is used, this amount of energy will be stored in the form of gas and later re-
transformed into electricity when the spot price of electricity is higher than the exercise price. Fig. 3-3

will illustrate the mechanism mentioned above:
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Fig. 3-3. The operation mechanism of the short put option every 30 minutes.

It is assumed that the premium has been discounted every half hour for calculation simplicity. Thus,
the gas generator will always earn a premium regardless of the price change. In addition to the premium
earned, the gas generator will also gain profits in the bid-to-sell stage. Although the gas generator will
be forced to purchase energy at the exercise price when the spot price is lower than the exercise price,
the price difference gain when the price of the sold energy is much higher than the marginal costs will

ensure the profits of the gas generator when the bid-to-sell is completed [151]. The revenues and costs

can be derived as:

Rop(t) =wsp+ Proia (S)>< Prhp(S) xS(t)x P (1)
{ Co(t)=0 8 ()2 Oy (3.48)
0>1 (3.49)
RS”(’) =W
{ Co(1) =0 JEyp <S(t)<OEy (3.50)
Ro(1) =y
{CW) _Ep S (351)

where Ry (t) and Cy (1) represent the revenues and costs for short put with P2G device at time #; S (¢)

is the market price of the electricity; s is the premium of the put option; Esp is the exercise price of

the short put. When the price is higher than the marginal cost, the gas generator will participate in bidding

in the spot market; P}"bid(S ) is the probability to succeed in a bid; Pruy(S) is the probability of high

price; By (¢) is the amount of electricity that the gas generator is forced to buy due to short put; 0 is

the coefficient determined by the gas generator, the value may be varied on the degree of risk aversion

3.6.2 Short Call
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The gas generators are the seller of the call option. Different from the short put option, once the gas
generator has the short call, it will receive a premium, and it will have an obligation to sell a certain
amount of electricity at the exercise price when the spot price is higher than the exercise price. Thus, the
gas generator will buy the electricity at a lower price in the form of gas in the bidding market and be
forced to sell the stored electricity in the market if the spot price is higher than the exercise price and the

option is exercised at the strike price [151]. Fig. 3-4 will illustrate the mechanism mentioned above:
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Fig. 3-4. The operation mechanism of the short call option every 30 minutes.

Similar to the operation mechanism of the short put option, besides the premium earned, the gas
generator will also gain profits in the bid-to-sell stage. Although the gas generator will be forced to sell
energy at the exercise price when the spot price is higher than the exercise price, the price difference gain
when the costs of the sold energy are much lower than the marginal costs will ensure the profits of the

gas generator when the bid-to-sell is completed [151]. The revenues and costs can be described as:

{Rsc(t) = l//sc+EscX P:;”(t) S

Cult) 0 (1) E (3.52)

Rsc(t) = l//sc
{ Csc(t):() ,a)Esc<S(t)<Esc (353)
0<w<l (3.54)
Rsc(t) = sc
{C“(f) — Praa(S)x Pris(8)x Sty B 17 () = @E = (3.55)

where Rs(f)and Cse (t) represent the revenues and costs for the short call with P2G device at time ¢;

s is the premium of the call option; Es is the exercise price of call option; Pr/p(S) is the
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probability of low price; P

ey (1) 18 the amount of electricity that the gas generator will buy if the call
option has been exercised; @ is the coefficient determined by the gas generator, the value may be varied

on the degree of risk aversion.

The energy balance equation is as follows:

nena( B, (6)+ P (1))

RT TG x AtMol
P o(tH) = pf (1) +——E 3.56
P20 O Sal™| (04 P50 AiMol +0, (1)-0; (1) o
Tl T Tl 1) AtMo _
N * LHV " ’

where p[  (t+1)is the pressure of the P2G gas tank measured in Pa at time r+1; pl () is the
pressure of the P2G gas tank in the financial market measured in Pa at time ¢.
3.6.3 Prediction of the Probability to Succeed in a Bid

The probability of succeeding in a bid, Prbid(S ) , 1s an important parameter in equations (3.48) and
(3.55). It is unreasonable to assume that the gas generator can win the bid for sure. Thus, in this chapter,
we consider a probabilistic model for the operation strategies of the gas generators in the financial market.
The probability of succeeding in a bid is figured out through a data-driven method that enables deep

learning of the previous bidding strategies. A deconvolution and convolution combination network is

utilized to extract the features of the historical data shown in Fig. 3-5. The input parameter is a 48*3

matrix, which can be expressed as [S(t)(Hm,D(t)(Hm,Temp(t)(Hm], where S(¢)is the electricity
price, D(¢) is the total demand, 7Temp(¢)is the ambient temperature. The output is a vector with two

elements [Pl"b[d succeed, Prvid /'ui/,]T , where Proia _succeea 18 the predicted probability of succeeding in a bid

and Preia_ an 1S the predicted failed bidding probability [154]. The cross-entropy is used as the loss
function. To obtain the output, the input matrix will pass through the proposed network, and the layer

information of the proposed network is shown in Table 3-1.

256—>128—2

S(1), D(t), Temp(t)

N*48+3

Fully
connection Reshape Deconvolution Deconvolution Deconvolution ~ Convolution Convolution Convolution Dense Softmax
k 4 k k N

4 Kk | | 3 k 4 Kk |k |
I 1 F 1r () 1 r 1r (N 1
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Fig. 3-5. Proposed combined deconvolution architecture

TABLE 3-1. LAYER CONFIGURATION OF THE PROPOSED ARCHITECTURE.

Layer Index Layer Parameter Layer Index Layer Parameter
5*5%*3, 128,
1 Input 48*3 7 Convolution
ReLu
5*5%*3,256,
2 Dense 512, Linear 8 Convolution
ReLu
3 Deconvolution 3*3%*3 256, ReLu 9 Dense 256, Linear
4 Deconvolution 5*5%2,128, ReLu 10 Dense 128, Linear
5 Deconvolution 4*4*3 3 ReLu 11 Dense 2, Linear
6 Convolution 5*5%3,64, ReLu 12 Output Softmax

The input data will first pass a dense layer to increase the number of features to 512. Then the data
will pass three deconvolution layers with filters 3*3*3, 5*5*2 and 4*4*3 respectively and followed by
three convolution layers to increase the number of feature maps to 256 with filters 5*5*3. The procedure

can be described as:

Y, = £ x ®kj +b)) (3.57)

ieM;

where y', is the output of the / map in [ layer; x|'is the input of the i/ map in layer /-1; M; is the set
of the input maps; ® denotes the convolutional operation; kf,}. represents the weight of the filter of the

corresponding convolutional layer and bj. is the bias respectively.

The ReLu function is utilized as an activation function, shown as:
ReLU (x)=max (0,x) (3.58)

After the convolution layer, the extracted features will pass through three dense layers to reduce the
number of features gradually. At the output layer, SoftMax, shown as equation (3.59), is applied to
project the output value to (0,1) and guarantee that the summation of the output equals 1, which can

represent probability.

i

e
T,
J

Softmax(i) = (3.59)

where Softmax(i) is the SoftMax value of i output, and j represents the index of the output.

3.7 The Return, Expected Return, and the Variance of the Three Markets
Then the return of the P2G devices in the spot, ancillary, and the financial market at time ¢ can be
derived as:
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Z R’m (t) - z Cmt (t) - z Cuper (t) - Cammal

i (T) _ =n(T-l zn:;(r—l)n t:;(T—l)H T=1 (3.60)
dCMO+ Y, Coer(1)
t=n(T—1)+1 t=n(T-1)+1

where ™ (T ) is the rate of return at the 7" period. The revenue and costs are aggregated by n time

slots to calculate ™ (7).

Then the average return and risk for N periods can be deducted as:

I/N
N

E(r" (T))= [T (@) -1 (3.61)

T=1,mte(S,4,sp,sc)

ﬁ“ [r’"'(T) B (T))]2

U(rmz (T))Z _ T:l‘mte(S‘A,sp,sc) N (362)

where E (r'”’ (T )) is the average rate of return for total N periods; o-(r”“ (T ))2 is the variance of the

rate of return. By using the geometric average [155], E (r”” (T)) for N periods is calculated in equation

(3.61). Then a(r'”’ (T ))2 is utilized to measure the risk in equation (3.62); mt means market types,

namely, the spot market, the ancillary market, and the financial market, which includes the short put
market and short call market
3.8 Mean-variance Portfolio Theory Application on the Two Options

According to the definition of the market portfolio in [156]. it is a set of assets including both risky
and risk-free assets to either maximize the return or minimize the risk. Therefore, by applying this
concept to the electricity market, the optimal portfolio can be found by maximizing the utility, which is

shown in equation (3.63).

MaxU = E(ro & «(T)) —%Aa(hp clT)) (3.63)
S.t.

E(r" (1)) =B (ro & «(T)) = Wop x B (rsp(T)) + Wee X B (re(T)) = Eue (3.64)

where U is the utility function [157], the level of risk aversion will be chosen according to the utility
theory in [158]. 4 is the risk aversion coefficient for the gas generator. We can attribute numbers 1 to 5
for 4 that represent different levels of risk aversion. The larger the number is, the more risk-averse the
investor is. It is positive in this chapter because most investors are risk-averse, which means the gas

generator is also risk-averse. In [158], the risk aversion function might change. If it is negative, the
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investor is risk-loving, which means he or she prefers risks. If 4 equals zero, the investor is risk-neutral,

which indicates that the utility of the investor will not change with the level of risk aversion index.

O‘(l"F(TW))2 = U(l"sp&sz‘(T))z
= VVspz X O'(Vsp(T))z +WS‘CZ X U(VSU(T))Z +

(3.65)
z 2xWixWix pi.jx o (ri(T))x o (r(T)),
i,je(sp,sc)
\V/l,] € Qoptions,i #j
COoVi,; ..

i, j = ,V 5 Qo;tionx,i # j 366
P o (ri(T))x o (r(T)) A ' (3-66)

N
COI/I',]' = Z(FI(T)XI’/(T))/N—E(l"z(T))XE(V/(T))y vl,] € Qaptians,i #j (367)

T=1
ant[ons: {Sp, SC’} (368)
WY[) + Wsc = 1 (369)
0<Wy<l (3.70)
0< W<l (3.71)

where E(ry &SLV(T)) is the average rate of return of short put and short call for total time slots N;
o (rsp & se(T ))2 is the variance of the short put and short call for total time slots N; o (7i(7)) and

o (r,-(T )) are the standard deviations of the option i and j, where i#j, i andj € Qoprions (sets of options),

namely, short put and short call; pi.; and COV: ; are the correlation coefficient and the covariance
for short put and short call [159]; Wy, and Wi are the weights of investment on short put and short
call; Ewmp is the target return.
3.9 Mean-variance Portfolio Theory Application on the Three Markets

After the determination of the optimal portfolio weights of the two options, we use the determined
weight to calculate the return, average return, and risk of the portfolio containing the two options. Then
the mean-variance portfolio theory will be used again to calculate the optimal investment weights for the

three markets, namely, the spot market, the ancillary market, and the financial market.
MaxU =B (r**" (1)) —%AU(rS’A&F (T))2 (3.72)
s.t.

B (7 (D) =y B (1 (D)) 4, <B (D), <B( D) 2B G

o (P (D)) = W5 xo (r5 (1)) +Wi xo (F(D)) + W xo(r (D))
+ Z [2><Wp><qupp,qxO'(rp(T))XO'(rq(T))]

Pqe(S,A&F)

(3.74)
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.q = ) \Y 5 Qunar els, p # 375

pra o (rm(T))xo (rd(T)) P-4 e v = (3.75)
N

COI/pq = Z(rp(T)qu(T))/N—E(I"p(T))XE(l”q(T))y Vp,q € Qmarkem,p #q (376)
T=1

Qmarket.\‘:{S,A,F} (377)

Ws+Wa+Wr =1 (3.78)

0<Ws<I (3.79)

0<Wi<l (3.80)

0<Wr<l (3.81)

where E (rS’A&F (T )) is the average rate of return of spot, ancillary and financial markets for total time

2
slots N; G(VS’A&F (T )) is the variance of spot, ancillary and financial markets for total time slots N;

o(rn(T))and o (ry(T))are the standard deviation of the option p and ¢, where p#q, p and g € Quarkes

(sets of markets), namely, the spot, the ancillary and the financial market; pp.qand COV,., are the
correlation coefficient and the covariance for the three markets [159]; Ws,W.a,and Wr are the weights
of investment on the three markets

3.10 Case Study

3.10.1 Parameter Setting

TABLE 3-2. PARAMETER VALUES RELATED TO THE OPTIONS WITHIN THE CHAPTER

Parameters Value Parameters Value
A 1~5 Yep 3.85US$
EA/ﬂ’

15%~20% Y s 9.23US$
E, € (1,0
i 38.46US$ 0 (1e0)
€(0,1)
E, 92.31US$ ®

TABLE 3-3. PARAMETER VALUES RELATED TO THE P2G WITHIN THE CHAPTER

Parameters Value Parameters Value
TM
Cannual 1,114,615US$ -21315~-18315K
]CPZG
16,719,231US$ Y 15 years
: 14 . -1 'K_l ch , dis .
R 8.3145J smol Npags> Mpag 70%~80%
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In Table 3-2, the parameters relating to the options are explained. These parameters include the risk-
aversion index, the premium value, and the exercise prices of both types of options, etc.

For Table 3-3, the parameters of P2G are given. These parameters include the annualized capital costs

of the P2G, the gas constant measured in Jemol '«K™', the mean temperature inside the gas tank

measured in K, the life cycle of the P2G device, and the charging/discharging efficiency of the P2G
device.
3.10.2 Input Data Analysis

In this chapter, the data relating to electricity prices every 30 minutes from 2016 to 2018 are obtained
from the AEMO [160]. The common currency unit of US$ will be used in this chapter with the exchange
rate of 1.3 AUS to 1 US$ on 25" January 2021. The electricity price distributions for the spot market and
the market signal for both upward/downward regulation of the ancillary market are shown in Figs. 3-6
and 3-7. In Fig. 3-6, the historical data of the spot market price is shown in a frequency histogram. Via
the estimated density, it can be found that the distribution has a mean electricity price of 78.9 US$/MWh.
A general overview of the simulated input data can be gained via the histogram. For Fig. 3-7, the market
signal to regulate upward or downward will be presented. It has been found that the upward regulation
has a mean volume of 127.6 MW, which is higher than that of the downward regulation (106.8 MW).
Moreover, the electricity price range for the upward regulation lies mostly from about 15.4 US$/MWh
to 53.8 US$/MWh, whereas for the downward regulation, most of the dots range from about 11.5

US$/MWh to 34.6US$/MWh.
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Fig. 3-6. Distribution of the electricity price in the spot market from 2016 to 2018
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Fig. 3-8. Scatter plots of bidding price and related quantity with different time horizons.

Fig. 3-8 illustrates the scatter plots of the bidding price and the related quantity of bidding for all three
years. The time horizon has been divided into three parts, i.e., spring and autumn, winter, and summer.
Within each part, the daytime bidding process and after midnight bidding process have been compared.
It can be found that the gas generator will bid a larger amount at a high price to sell the energy during
summer times compared with the other seasons. And the amount of bidding will be the least for the gas
generator in spring and autumn. Additionally, within each season, the bidding process of the daytime and
the after-midnight period have been compared. It indicates that although the price will not change, the
amount of bidding processes is much more in the daytime. In other words, the bidding process is more
active in the daytime. In contrast, the bidding process is less active at the night-time, which is in

accordance with the normal operation time of the gas generator.
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Fig. 3-9. Scatter plots of the predicted probability of succeeding in the bidding with different time horizons.

Fig. 3-9 shows the scatter plots of the predicted probability to succeed the bidding at different seasons
of the three years or different periods but within the same season. The probability of succeeding in a bid
is figured out via a data-driven method that enables deep learning of the previous bidding strategies. In
the figure, it can be found that as the electricity bidding price increases within a reasonable range, the
probability of succeeding the bid will increase as well, which is applicable to each season. However, the
medium is different, as shown by the boxplot. A Box plot is presented to show the distribution situation
of the probability of success in the bidding. The medium of distribution in spring and autumn is
approximately 0.6, about 0.5 for winter, and it is around 0.4 for summer. This could be explained by the
risk-return theory, i.e., the higher return, the higher risk. In other words, although the probability of
succeeding in the bidding in summer and winter is higher than that of other seasons, the fluctuation of
the probability distribution is also more volatile.

3.10.3 Numerical Analysis of the Profits and Costs of the Three Markets

A numerical analysis is carried out. The profits and costs of the three markets have been calculated
and compared. Additionally, the energy storage state of charge condition has been analyzed under the
three different markets. In this section, Table 3-4 compared the returns and variance of the three cases,
namely, the traditional model, the individual market case, and the proposed model.

Fig. 3-10 illustrates the operation process of the spot market, including both the day-ahead and real-
time buy/sell mechanism. The real-time purchasing quantity will change with the relative relationship
between the real-time electricity price and the day-ahead bidding price. When the electricity prices are
low, both the day-ahead purchase and the real-time purchase amount will increase, while the selling

quantity of both day-ahead and real-time will increase when the electricity price is high. In addition, the
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energy storage represented by the yellow area will increase when the gas generator is purchasing energy
while decreasing when selling energy. The results are in alignment with the operation mechanism of the

gas generator, with which the price difference gain can be made.

Clenergy storage day-ahead buy day-ahead sell
m—real time buy —real time sell ——— day ahead electricity price
——— real time electricity price

Energy (MWh)

Ll K{mu-,,

//\ //
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200 Time (every 30 minutes)

Fig. 3-10 Revenues and costs of the spot market every 30 minutes

Fig. 3-11 illustrates the revenues and costs of the ancillary market. The orange and dark blue colors
represent revenues of upward regulation of the enabled energy (Renup) and the costs of downward
regulation of the enabled energy (Cendw), respectively. The dark green bars represent the revenues of
upward regulation of the capacity (Rcaup) and the light green bars are the revenues of downward
regulation of the capacity (Rcadw). Cbuy is the purchasing costs in the ancillary market. The movements
of the Renup and Cendw are following the change of the market signal measured in the grey dash line.
It can be found that the market signal will only affect the enabled energy, not the capacity. Moreover,
after every upward regulation, the storage of P2G will decrease, whereas the storage would increase if

the downward regulation occurred, which could be approved by the yellow areas representing the storage

state.
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Fig. 3-11. Revenues and costs of the ancillary market every 30 minutes

Fig. 3-12 shows the net profits of short put for every 30 minutes measured in green color. When the
price is lower than the exercise price, the option will be exercised by the put owner, and the gas generator
will be forced to purchase the energy at the exercise price, and the energy storage represented by the

yellow area will increase, which means the gas generator will store the purchased energy into the P2G
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device; when the price is in between the exercise price and the high price threshold, the gas generator
will merely earn the premiums; when the price is higher than the high price threshold, the gas generator
will bid and sell the energy. Once the bid is successful, the energy will be sold. Thus, the energy storage
will decrease, and the price difference gain will be made. Although there are negative profits, the overall

average profits are positive.
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Fig. 3-12 Net profits of short put every 30 minutes.

Fig. 3-13 shows the net profits of short call for every 30 minutes measured in green color. The net
profits, including both the premium and the gain from selling the electricity. When the price is lower
than the low price cap, the gas generator will bid to purchase electricity from the spot market and store
that energy in the P2G device; when the price is higher than the low price cap but lower than the exercise
price, the gas generator will merely earn premiums; when the price is higher than the strike price, the
stored energy will be compulsorily sold to the call owner at the exercise price which is lower than the
spot price. Worth noticing, that the exercise price of the short call will be much higher than the exercise
price of the short put option because the call option buyer will only be attracted when the option can be
used to hedge the high purchasing costs when the electricity price is high. Additionally, the exercise price
will be slightly lower than the electricity price when the price is high for the short call, and slightly higher

than the electricity price when the price is low for the short put.
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Fig. 3-13. Net profits of short call every 30 minutes.

Table 3-4 shows the returns, the expected returns, and risks in 2016, 2017, and 2018. Consider the
short put, it has the largest return for all three years compared to the short call. Although the short call
has the smallest return for three years, the short call has the smallest variance, which means it has the
least risk. To compare the three markets, the optimal weight of the two types of options has to be
determined. After the simulation, it has been found that the optimal weight of the portfolio for short put
and short call, which is subject to utility maximization, is 27.6% and 72.4%. Then plugging those weights,
we obtain the expected return and risk for the portfolio of the two types of options, which are 1.0433 and
0.0042, respectively. After the portfolio of the three markets, it can be calculated that the expected return
is 1.0429, and the variance is 0.0018. Although the return has reduced slightly, the benefits outweighed,
as the risk has decreased significantly. It has been found that the returns of the proposed model from
2016 to 2018 are 26.3% higher, whereas the risks are 88.1% lower on average compared with the

traditional model and the individual market case.

TABLE 3-4. SIMULATION RESULTS OF RETURNS AND RISKS FOR THREE YEARS (RETURN=NET PROFITS/COSTS).

Financial market
Spot Ancillary
Traditional model Short
Short put Portfolio market market
call
2016 Return 0.6157 1.3388 0.8075 0.9541 1.298 0.9404
2017 Return 0.8148 1.8987 0.7986 1.1022 0.8188 0.9086
2018 Return 0.7943 1.9465 0.7451 1.0767 0.9823 0.8039
Expected return 0.7416 1.7133 0.7835 1.0433 1.0235 0.8834
Variance 0.0079 0.0763 0.0008 0.0042 0.0397 0.0034

3.10.4 Case Analysis of Risk Aversion Index

The case analysis on different risk aversion indexes has been conducted to offer optimal investment
alternatives in different markets and different types of options when the level of risk aversion of the
investor varies. It has been found that the more risk-averse the investor is, the more likely the ancillary
market will be invested. By comparison, less investment will occur in the spot market.

In Fig. 3-14, the proportion of short put and short call according to different risk aversion index will
be illustrated in the mean-variance diagram. The blue dots on the red line is the efficient portfolios, and
the red line is the efficient frontier. To find the optimal portfolio, the utility curve has been drawn to
tangent the efficient frontier. According to the degree of risk aversion (1-4), four utility curves have been

drawn to provide more alternatives for the investors [158]. From purple to brown, brown to orange, and
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orange to the green line, the investor becomes more risk-averse. The four utility curves are related to 4
(the degree of risk aversion), ranging from 1 to 4 [158]. The tangent points are the optimal portfolio
weight of each type of option to invest. It can be found that the more risk-averse the investor is, the less
expected return will be pursued. As most people are risk-averse, more dots will locate on the lower left
side of the graph.

In Fig. 3-15, green, orange, and blue colors represent the spot, the ancillary, and the financial market,
respectively. Within the financial market, grey and yellow refer to short call and short put. 4 is the degree
of risk aversion. From 1 to 4, the investor becomes more risk averse [158]. Since the variance is 0.0397
for the spot market, which is the highest among the other markets when the risks increase, the more risk-
averse the investor is, the less likely the investor will invest in the spot market. In other words, the more
risk-averse the investor is, the more likely the ancillary market will be invested because it has the lowest
standard deviation referring to Table 3-4. Additionally, within the financial market, the short call option
is more preferred than the short put option. This might be due to the reason that most investors are risk-
averse, the short call option will have a variance of merely 0.0008 in this chapter. The optimal portfolio

is varied when the levels of risk aversion are different.
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Fig. 3-14. Mean-variance diagram relating to the optimal weight of short put and short call with changes of risk aversion index
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Fig. 3-15. Optimal portfolio weight among the three types of markets with changes in risk aversion index

3.11 Conclusion

In this chapter, first, the conventional operation mechanism of gas generators in the spot and ancillary
market has been discussed. Then the binomial model was used to deduct the value of the American option.
Next, the short put and short call have been evaluated in the financial market. Lastly, the mean-variance
portfolio theory has been utilized to figure out the optimal weight of the three types of markets.
According to the simulation results, the optimal portfolio will vary if the investor has different degrees
of risk aversion. The main finding of this chapter is that the more risk-averse the investor is more likely
to invest in the ancillary market. By comparison, less investment will occur in the spot market. After
comparing the results of the individual market and the portfolio, it can be found that the utilization of
financial derivatives and mean-variance portfolio theory can facilitate the gas generators to earn more
profits and hedge risks in electricity markets compared with the traditional operation mechanism. The
proposed option-based risk-hedging mechanism is transferable because it can be applied to other market
participants, such as energy retailers and prosumers, etc. In the future, several inviting research areas are
worth examining, including the effectiveness of different option combinations to reduce profits variation

and the effective profits allocation or the cost assignment on a coalition of market participants.
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4. RISK HEDGING STRATEGY FOR ELECTRICITY RETAILERS USING

INSURANCE AND STRANGLE WEATHER DERIVATIVES

With the increase in extreme weather events and the penetration of distributed energy resources,
electricity retailers will encounter more risks at both transmission and distribution levels during the
business operation process. For risks at the transmission level, huge damages to the transmission lines
and towers caused by extreme events, like bushfires, ice storms, and flooding, will lead to power
shortages. For risks at the distribution level, demand variations in accordance with temperature change
will result in energy procurement difficulty for the retailers. In this chapter, besides the normal bilateral
contract, the insurance, the strangle weather derivatives, and the energy storage system are implemented
to hedge the risks at both the transmission and distribution levels. Simulation results show that the
proposed model ensures higher profits for the retailers in summer and winter compared to the
conventional model when there are no extreme events occurring. When there are extreme events in both
summer and winter, the proposed model incurs a lower reduction in profits than that of the conventional
model. In brief, the overall profits of the retailer using the proposed hedging model are higher than the
conventional model, and the overall profit variation of the conventional model is about 26% higher than
the proposed model. Furthermore, when the budget of the retailer is sufficient, all three hedging tools
can be invested. Whereas when the budget of the retailer is limited, the investment order should be
insurance the first, strangle weather derivatives the second, and energy storage system the third.
4.1 Introduction

With the penetration of DERs, greenhouse gas emission has been substantially reduced [35]. However,
the incorporation of DERs will lead to a large-scale demand fluctuation. As a result, an imbalance of
demand and supply might occur [36]. The risks of demand fluctuation caused by the penetration of DERs
normally happen at the distribution level. Although this type of risk will not cause tremendous losses for
the electricity retailer, it happens more frequently. Normally, to hedge this type of risk, retailers can first
sign bilateral contracts with generation companies (GENCOs) to stabilize the electricity prices and cover
majority of the estimated demand [37]. Then, when overconsumption occurs, the retailer will compensate
for the demand gap from the spot market at the real-time electricity price [36]. Furthermore, the increase
of EEs caused by climate change will further augment the demand-supply imbalance. EEs like bushfires

and ice storms can lead to huge damage to power transmission lines and towers, which will make the
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retailers unable to satisfy the demand requirements [36, 38]. The risks caused by EEs normally occur at
the transmission level. Although the occurrence of this type of risk is rare, the damages are tremendous.
Studies on the risk hedging strategy of this type of risk from the perspective of energy retailers are lacking.
It can be found that energy retailers incur risks at both the transmission and distribution levels. Therefore,
more appropriate risk hedging strategies should be developed for retailers to hedge both types of risks.
Additionally, the impact of DERs and EEs should be incorporated as well.

In the literature, risk hedging strategies relating to both the transmission level and the distribution level
are discussed. For the risks of the transmission level, most of the existing literature hedged the risks from
the perspectives of the system planner, the power generators, and the electricity retailers [105-107].
However, references that focus on the transmission risk-hedging strategy from the perspective of the
retailer are rare. For the risks of the distribution level, most of the existing literature hedged the risks
from the perspective of the end-users and electricity retailers [109-112].

However, there are still four aspects of issues that remain unaddressed by the existing literature. First,
the current risk-hedging strategy for the retailer is incomplete. First, most of the references studied the
risk-hedging strategies for retailers at the distribution level to mitigate demand fluctuation, such as [112,
113]. With the penetration of weather-related EEs, the supply shortage risks caused by the EEs at the
transmission level is happening, which can cause huge losses to the retailer. However, references are
lacking on risk-hedging strategies toward the risks caused by the EEs at the transmission level. To fully
consider both supply shortage and demand fluctuation risks, more comprehensive risk-hedging strategies
are needed for the retailer. Second, since the EEs are of extremely low probability but tremendous
damages, the total loss value predicted would be smaller, such as [117]. As a result, the retailer would
pay a smaller amount of insurance premium to cover the total loss value predicted. However, a lower
amount of insurance premium would lead to a higher amount of insurance excess. Consequently, the
retailer was unable to claim monetary compensation back even when there were damages caused by the
EEs. To enhance the hedging effectiveness of the insurance, a proper risk valuation method must be
developed to incorporate the risk preference of the retailer and facilitate the retailer to predict the total
loss value and pay the right amount of insurance premium for the right insurance contract. Third, the
existing risk-hedging methods rely heavily on the prediction of the electricity price, such as [36, 37, 118].

As a result, when the predictions of the electricity price are inaccurate, the effectiveness of the hedging
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tools is compromised. Hence, a more price-irrelevant financial tool is needed to reduce the reliance of
the retailer on the prediction of the price level. Fourth, the retailer has a limited capital investment for
risk-hedging strategies in real practice. However, the existing literature failed to consider the investment
budget constraints of the retailer, such as [108, 112, 113], neglect of which will lead to impractical
hedging tool portfolio decisions. Thus, it is necessary to incorporate the influence of budget restrictions.
Hence, we proposed a novel management strategy to hedge the risks of electricity retailers at both
transmission and distribution levels and to ensure a positive income for the retailers. The main
contributions of this chapter are as follows:
=  First, a rigorous risk-hedging model based on insurance is proposed for the retailer to hedge the
risks at the transmission level. The conventional risk hedging insurance lacked the consideration of
the risk preference of the retailer on the total loss value caused by EEs [117]. As a result, the
insurance purchased will be ineffective and undesirable for the retailer. By contrast, in this chapter,
an economic adjusting index is introduced to represent the different risk aversion levels of the
retailer toward the low probability but high loss events, i.e., the EEs. The larger the adjusting index
is, the more risk-averse the retailer is. As a result, the larger the loss value caused by the EEs is.
Therefore, the retailer is more willing to pay for the insurance premium to get a higher chance of
receiving monetary compensation from the insurance, and vice versa.
= Second, a risk management strategy based on the strangle weather derivatives and ESS is designed
for the retailer to hedge the risks at the distribution level. The traditional risk hedging tools like
options and forward contracts relied heavily on the forecast of the electricity prices, such as [36, 37,
118]. However, the increasing penetration of DERs will further amplify the fluctuation of demands
and prices, which will increase the forecast difficulty. By using the proposed strangle weather
derivative and the ESS, the reliance on the prediction of the prices is avoided.
=  Third, the proposed model offers a guide for choosing diverse forms of hedging portfolios (a set of
hedging tools) for retailers under different budget constraints. The conventional risk hedging model
ignored the impact of the budget constraints on the choice of the hedging tools, such as [108, 112,
113], which can lead to ineffective risk-hedging portfolios. In our model, different budget
constraints of the retailer are simulated in the case study to provide a suggestion for the retailers on

the appropriate combination of the hedging tools to invest in, namely, the proper quantity of

68



insurance contracts and strangle weather derivative contracts to sign with and the appropriate
capacity of the ESS to invest in.
4.2 The Framework and Wholesale Methodology of the Proposed Hedging Strategy

In this chapter, the proposed risk hedging strategy covers the risks at both the transmission and
distribution levels. As for the objective of the chapter, it aims to minimize the costs of the retailers at
both the transmission and distribution levels. Additionally, the retailer will decide the proper amount of
insurance contracts, strangle weather derivatives to sign with, and the capacity of the ESS to invest in.
The framework of the hedging strategy is shown in Fig. 4-1.

At the transmission level, the retailer utilizes the insurance contract based on the adjusted risk
valuation method to hedge the encountered power shortage risks caused by EEs, such as the damages
caused by bushfires and ice storms. The adjusted risk value can reflect the risk preference of the retailer
toward the EEs, which can increase the effectiveness of the insurance contract.

At the distribution level, the retailer uses the proposed strangle weather derivatives to hedge the risks
of demand fluctuation caused by normal changes in temperatures and the increasing penetration of the
DERs. The proposed strangle weather derivatives encompass two parts: the HDD (CDD) put and the
HDD (CDD) call. Worth noticing that the strangle weather derivatives used in this chapter is a novel
strategy that is different from the traditional financial strangle [161]. In addition, the ESS is used to

smooth the demand and facilitate the operation of the strangle weather derivatives.
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Fig. 4-1. The framework of the proposed hedging strategy for the retailer.
The wholesale methodology flowchart of the proposed model is shown in Fig. 4-2. The processes
within the solid black squares and the dotted black squares are the conventional wholesale methodology,

in which electricity retailer signs bilateral contracts with both the power generator and the end-users to
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satisfy the electricity demand. If the demand is still unsatisfied, the retailer will purchase extra electricity
in the spot market. However, the procurement costs in the spot market are high. Thus, a novel hedging
strategy is proposed in this chapter to reduce energy procurement in the spot market. Apart from signing
bilateral contracts with both the power generator and the end-users, the processes within both the red
squares and the solid black squares are the wholesale methodology of our hedging method. Here, the
processes within the red squares are the contributions of our model. To hedge power outage risks caused
by the EEs, insurance contracts based on the adjusted risk valuation method are introduced. For risk-
hedging on the demand fluctuation, when the electricity demand is higher than the supply (D1>S1) and
the condition of exercising the call is satisfied, the retailer will exercise the HDD (CDD) call signed with
the power generator to satisfy the load demand. In other words, the energy supply is increased, i.e.,
S=S1+S2. If the demand is still higher than the supply (D1>S1+S2), the retailer will purchase extra
electricity in the spot market. On the contrary, when the demand is lower than the supply(D1<S1) and
the condition of exercising the put is satisfied, the retailer will exercise the HDD (CDD) put signed with

the end-users to increase the load demand. Thus, the demand is increased to D=D1+S3.
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Fig. 4-2. The wholesale methodology flowchart.

Conventional Model

4.3 The Conventional Hedging Strategy for the Retailer
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Traditionally, electricity retailers sign bilateral forward contracts with power generators to purchase a
certain amount of energy at the contract price. Additionally, the retailers also sign bilateral contracts with
the end-users to sell a certain amount of energy at the contract price. When the load demand is higher
than the energy purchased from the power generator, retailers will incur additional costs to purchase the
energy in the spot market. Thus, the forecast of electricity price and demand is critical for the retailers.
Besides the bilateral contracts, ESS is also used to facilitate the retailer in risk-hedging. Details of ESS

constraints and models can be referred to [36]. The objective function of the conventional model is shown
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where 7"

ret

(t) is the conventional profits of the retailer; A, is the contract price between the retailer

and the end-users; Ry is the revenue of operating the ESS; C,, is the costs of the ESS, including
the fixed costs and the operational costs of the ESS; Pjce (¢) is the energy from the ESS that is sold to

the end-users; A, is the contract price between the retailer and the generator; /1(1) is the real-time
energy price at time #; a% is the fixed payment percentage of the transmission and distribution
networks; P (Z) is the energy procurement amount between retailers and generators at time #; F; (t)

is the extra amount of energy purchased by the retailers at the real-time price to satisfy the demand;

P (¢) is the total load demand under the conventional model which involves three parts: the energy

from the generators, the energy from the ESS, and the energy from the spot market.
4.3.2 Brief Comparison

In this chapter, the proposed risk hedging model improves the conventional mechanism from the
following three aspects. First, as EEs have become an emerging phenomenon over the past decades, the
adjusted risk valuation model has been proposed to incorporate the risk preference of the retailer toward
the EEs. Second, strangle weather derivatives are proposed to hedge demand variation risks at the
distribution level. Third, budget constraints have been considered to facilitate the retailer in determining
the proper number of risk-hedging tools to invest in. Detailed models of the proposed hedging strategies
are presented in section 4.5 and section 4.6, respectively.
4.4 Risk Valuation Method

Normally, risk assessment involves three steps: 1) identify the risks, 2) determine the probability of
the risks that have caused damage, 3) and quantify the risks [162]. For step 1, the risks identified at the
transmission level are the risks of transmission system breakdown and power outages caused by the EEs.
Insurance can be used to hedge these types of risks. In this chapter, a novel method to estimate the total
loss value, i.e., the target of step 3, will be proposed to enhance the effectiveness of the insurance contract.
Additionally, two components should be derived first. They are the adjusted risk value proposed in

section 4.4.2 and the probability mentioned in step 2 that the EEs, such as bushfires and ice storms, have
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caused breakdowns in the energy transmission process. The derivation of step 2 can be referred to [163].
4.4.1 Conventional Calculation of Expected Risk Value
Traditionally, the total loss value can be calculated by multiplying the loss value with the related

probability of occurrence. Thus, the expected value of losses can be presented as [162]:
L= j yPr(y)dy (4.3)
0

where L is the total loss value; y is the value of the loss; Pr ( y) is the probability density function

(PDF) of the loss.
4.4.2 Adjusted Risk Valuation Method

Before introducing the detailed risk hedging model, certain concepts would be explained first. The
main elements within insurance include the insurer (i.e., an insurance company), the insured party (i.e.,
the retailer in this case, which is the same as the beneficiary), the premium (i.e., the price paid to the
insurance company by the retailer), the claims (i.e., the monetary compensation that can be made to the
retailer for the loss events ), and the insurance excess which is an insurance excess necessary to block
claims for losses of high frequency but low severity [164].

The adjusted risk valuation method is closely related to the CVaR [165]. Because the adjusted risk
valuation method is inspired by the concept of CVaR that is losses exceeding the value-at-risks should
be assessed. However, the adjusted risk valuation method is an extension of the CVaR method. The
reasons we choose the adjusted risk valuation method rather than the CVaR are twofold. First, compared
with CVaR, the proposed risk valuation method incorporates the increasing impact of EEs, like bushfires
and ice storms, by giving the mathematical formulation to represent the probability that the EEs will
occur. Second, different from CVaR, the proposed method introduces an economic adjustment index to
measure the risk preference of the retailer toward the damages caused by the EEs. Thus, the adjusted risk
valuation method is more suitable.

As mentioned before, the damages caused by the EEs are tremendous, while the probability of

occurrence is low. When using equation (4.3) to calculate the total loss value, a high loss value y
multiplies extremely low loss probability Pr( y) will result in a low total loss value L. Thus, the

estimation of the total loss value is extremely small. To ensure that the predicted total loss value is not

always smaller than the insurance excess, we proposed a novel adjusted risk valuation method based on
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the economic adjusting index that can incorporate the risk preference of the retailer toward the EEs.

In this model, the standard deviation 7o represents the loss threshold of the retailer. Two

probabilities will be introduced, the risk area probability Pr ( y (t) > z'O') and the health area probability

Pr( y(t) < ro-). For the risk area under EEs, it refers to the unacceptable level of costs incurred during

the system breakdown, and those costs are higher than the loss threshold of the retailer. Whereas the
health area under EEs refers to the acceptable level of costs incurred during the system breakdown, and
the costs are lower than the loss threshold of the retailer. In this chapter, we also introduce the economic
adjusting index 7 to involve the impact of the risk attitudes of the retailers toward the EEs. The larger

the 7 is, the more concerned the retailer is about the network vulnerability under EEs [162]. In the
model, the reciprocal format of the PDF of 7, ie. f, (T) , 1s designed to describe and match the

catastrophic consequences of the EEs. The PDF of the economic adjustment index 7 can be referred

to [162] as follows:

“+o0

1—Pr(y(t)Sra):Pr(y(t)>ra)= j Pr(y(t))dy(t) 4.4)
(ro)"
_Jexp(-to/u) if >0
fT(T)_{ g 0 . else (4.5)

where 7o is the loss threshold for the retailer; z is the economic adjustment index (V7 >0);
£ (r) is the PDF of the economic adjustment index 7 . By applying the proposed adjusted risk valuation

method, the adjusted risk value under EEs can be derived as follow:

+o0

[ rpr(r)ar(s)

_L(t) oy
L= e U ) (46)

where U (r) is the staircase function that can be used to ensure V7 >0; o and g are the standard

deviation and expected value of loss due to uncertainties; L. (¢) is the adjusted risk value under the

EEs.
4.5 Hedging Strategy for the Retailer at the Transmission Level
For the hedging risks at the transmission level, insurance based on the adjusted risk valuation method

is used because it is a financial tool designed for mitigating losses of low frequency but catastrophic
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damages. For equation (4.9), Pry, (LT (t)) is the probability of system breakdowns to the energy

transmission network caused by the EEs. Thus, it is not an extremely low probability as Pr ( y (t)) . As

for equations (4.7)-(4.9), they did not adopt the conventional method to decide the number of insurances.

Instead, the proposed adjusted risk valuation method is utilized, which can be referred to section 4.4.2.

Thus, the adjusted risk value L_ (t) is adjusted according to the risk preference of the retailer toward
the EEs. As a result, the total loss value caused by the EEs C,; is not necessarily lower than the

insurance excess exc,, . Thus, the claim can be obtained by the retailer when the total loss value is

higher than the excess of the insurance to cover part of the damages caused by the EEs. The mathematical

formula of the Pry, (LT (t)) can be referred to [163]. The revenues and costs of the retailers by using

the insurance to hedge the risks can be shown as follows [162]:

Rins = Wlns X Xlns X (CEE - exclnx) (47)
C[ns = X[ns X ﬂ’]ns (48)

EEP
Cop = Z(Lr (t) X Pryy, (Lr (t))) (4.9)

t=1

where Rns and C,

ns

are the revenues (claim payments) and costs of the insurance for the whole year;

Pry, (LT (t)) is the probability that the EEs, such as bushfire and ice storm, that have caused

breakdowns to the energy transmission network; exc,  is the insurance excess that must be exceeded

by the total loss caused by the EEs Cp;; during the extreme event period to acquire the claim payments;

X

Ins

is the number of insurance purchased for hedging the risks at the transmission level under the EEs;

W,

Ins

is the binary parameter, if the total loss value is larger than the excess, W,

Ins

will be 1, else, 0;

/11

n.

. is the premium of the insurance; EEP is the extreme event period, such as the duration of

bushfire or ice storm.

According to [117], a low insurance premium will lead to a high insurance excess. When the predicted
total loss value is larger than the excess of the insurance, the claims calculated by total loss value minus
excess will be paid to the retailer to cover part of the risks at the transmission level. Thus, the insurance

premium paid by the retailer can influence whether the claim of the insurance will be paid by the insurer.
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In other words, the insurance premium paid by the retailer can affect the effectiveness of the insurance.
Additionally, the insurance premium is closely related to the net written premium surplus ratio v/,
defined in equation (4.11), which can refer to [117]. Hence, the premium is calculated as the predicted
claims multiply (1+¥/,,, ). Thus, the insurance premium can be derived via equation (4.10) as:

EEP

A= {Wm X[Z(Lr ()% Prygy (L, (1)) - exc,, Hx (14, ) (4.10)

t=1

where W= (4.11)

where ¥, is the net written premium surplus ratio of its standard deviation against the expected claim

payments.
4.6 Hedging Strategy for the Retailer at the Distribution Level

The retailers mainly hedge risks arising from cold winters, warm winters, hot summers, and cool
summers. When the temperature is cold in winter or hot in summer, end-users will need more electricity
either for heating or cooling. As a result, retailers might incur a loss for purchasing extra energy at the
spot price. On the contrary, for the warm winter and cool summer, the end-users will reduce their demand
for electricity compared to cold winter and hot summer, which will bring profit reduction to the retailers.

Before explaining the detailed model, technical terms relating to the weather derivatives are explained.
Weather derivatives can be defined as financial instruments used by companies or individuals to hedge
risks of weather-related losses [166]. Ref. [161] defined HDD (CDD) as the number of degrees that a
daily average temperature is below (above) 65° Fahrenheit (18° Celsius). To long (short) a call/put
means to buy (sell) the call/put options.

In this chapter, an HDD call and a CDD call can be bought by the retailers from the seller of the call,
i.e., the power generator, when the temperature is cold in winter and hot in summer. When the HDD
(CDD) calls are exercised, the retailer can purchase energy from the seller of the call at the strike price
and store energy for later usage. And when the demand for electricity is higher than the amount of energy
in the bilateral contract between the retailer and the end-users, the retailer can sell the stored energy to

the end-users at the contract price to satisfy the extra load demand. If the demand is still unsatisfied, the
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retailer will purchase energy in the spot market. On the other hand, it is advised for the retailer to buy an
HDD put and a CDD put from the end-users if the temperature is warm in winter or cool in summer. By
purchasing the HDD put and CDD put, the retailer can exercise the strangle weather derivative to sell
electricity to the end-users at the strike price to increase profits. In our model, the HDD call and the HDD
put can form the HDD strangle for winter, whereas the CDD call and the CDD put can be combined to
form the CDD strangle for summer. The HDD strangle and the CDD strangle are called the strangle
weather derivatives. A detailed model of the strangle weather derivatives is explained as follows.
4.6.1 Proposed Strangle Weather Derivatives
4.6.1.1 HDD strangle

In this chapter, the HDD strangle covers the winter in Australia (June to August). It is a contract
between the retailer and the strangle seller, i.e., the power generator and the end-users, in which the

retailer is the buyer of the HDD strangle. The HDD strangle includes the HDD call and the HDD put.
For the HDD put, when the strike value of the HDD put K%, is higher than the HDD(n) , which is

the heating degree day for c¢d periods, referred to equation (4.13), the put will be exercised. Whereas
the call is out of the money, that means the call will not be exercised [33]. In this case, it is normally in
a warm winter, where the demand for electricity is reduced compared to the cold winter. The retailer can

purchase electricity from the spot market at a low price and exercise the put option to sell the purchased

electricity to the end-users at a higher price (the strike price K}, xTS%; ). For the HDD call, when

the HDD(n) is higher than the strike value Kjay of the HDD call, the call will be exercised. In this

case, it is normally in a cold winter, where demand for electricity is relatively high, the retailer will

exercise the HDD call by purchasing electricity from the power generators at the determined HDD call
strike price K, xTSse  and selling that energy to satisfy the extra demand. The revenues and costs

of the retailer using the HDD strangle are shown as follows [167, 168]:

Ripp =X ypp X Pupp

: ut put put cai ca ca (4 ‘ 1 2)
x D [ Wiy (n)x (K, — HDD (1)) < TS i, + Wi, ()< (HDD (n) - Ko, )< TS, |
n=d-cd
HDD(n)=(18-Tn)) (4.13)
Crpp = X ypp X (ﬂl%tu + ﬂ'ICIaD”D) (4.14)
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where R,,, and C,,, are the revenues and costs of the HDD strangle for winter, and each strangle
contract covers cd days; n is the start day of the HDD; d is the end day of the HDD; B, is the
amount of energy covered by each HDD strangle contract; K7, and KZ’D”D are the strike value of the
HDD put and HDD call; HDD(n) is the heating degree day for cd periods; W/ (n) and
Wy (n) are the binary parameters. If the strike value of HDD put K, is larger than the HDD(n) ,
the put option will be exercised and W, (n) equals one, otherwise 0; If the HDD(n) is larger than
the strike value of HDD call Kﬁng , the call option will be exercised and Wy (n) equals one,

otherwise 0; 7S5 and T. S;%ID are the tick sizes of the HDD put and HDD call; 8 is the reference

temperature; T(n) is the daily average temperature; X, is the number of HDD strangle contract

that covers cd periods; A, and Age, are the premiums of the HDD put and the HDD call.

4.6.1.2 CDD strangle
The CDD strangle covers the summer of Australia (December to February) in this chapter. The
mechanism is similar to that of an HDD strangle. However, the CDD strangle is a strategy for summer.

Thus, the strike value and the tick size are different from that of the HDD strangle. Additionally, the
cooling degree day CDD(n) is calculated differently from the HDD(n), which is presented as

equation (4.16). The revenues and costs of the retailer using the CDD strangle are shown as below [24]:

Repp =X epp X Fepp

z ut ut ut ca ca ca (4 1 5)
x>y [WC”DD (n)x (K, —CDD(n))x TSt + Wepy, (n)x(CDD(n)—KCD'g)xTSCDIH
n=d—cd
CDD(n)=(T(n)-18) (4.16)
Cepp = Xepp X (ﬂ“cp'll;[D +ﬁéapljj) (4.17)

where R, and C.,, are the revenues and costs of the CDD strangle for summer, and each strangle
contract covers cd days; n is the start day of the CDD; d is the end day of the CDD; F,,, is the

amount of energy covered by each CDD strangle contract; K2, and Ké‘gj) are the strike value of the

CDD strangle; CDD(n) is the cooling degree day for cd periods; W/ (n) and Wgpy, (n) arethe
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binary parameters. If the strike value of CDD put K7, is larger than the CDD(n) , the put option will
be exercised and W/ (n) equals one, otherwise 0; If the CDD(n) is larger than the strike value of
CDD call K, the call option will be exercised and Wy, (1) equals one; otherwise 0; TS5y, and
I Sé‘gj) are the tick sizes of the CDD put and CDD call; X, is the number of CDD strangle contracts;

Al and A% are the premiums of the CDD put and the CDD call.

4.6.2 Energy Storage System Model

The energy storage devices can be used to smooth the fluctuation of the electricity price by charging
or discharging power. Ref. [117] indicated that ESS is suitable for balancing small but frequent contract
imbalances. Thus, it will be used to hedge demand variation risks. In current markets, there are a variety
of energy storage devices. Compared with other ESSs, the BESS is the most cost-effective storage device.
Therefore, in this chapter, the battery is utilized by the retailer to hedge risks. The revenues and costs

formulae are shown as follows [36]:

T
Rygs = D (A x Pis (1) = 2(1) < PL5 (1)) (4.18)
t=1
Chss = Xy X Choy + ZC;;’?’ (4.19)
Can (1) = mx X xCl, (4.20)
=10, x— (4.21)
T ()
call P + call P
B (1+1)= By ()41, X[P;s;’(f){WHDD(”)* o W () P Dxm
(4.22)
put put
—{P;;sé’ (1 i ()P i (1) oo, j a1 /77

where R, and C.g are the revenues and costs of the energy storage devices of the proposed model

for the whole year; Py (¢) is the electricity sold to the end-users from the spot market; Py (¢) is

the electricity purchased by the retailer in the spot market and is stored in the ESS; X Bff; is the number

of battery needed to store the energy; CBfat is the annualized fixed cost per battery device; C;2¢ ( ) is

Bat

the operation costs of the battery of the proposed model at time #; m is the maintenance rate of the
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battery; ICy, is the initial costs of the battery; E, (t) is the energy storage state of the proposed

store

model at time .
4.7 The Objective Function of the Proposed Hedging Strategy
The aim of the proposed model is to minimize the costs during the risk-hedging process of the retailer

at both transmission and distribution levels. The components of the gains include the revenue from the

insurance contract R,

ns >

the revenue from the strangle weather derivatives Ry, + Ry, and the net

Con
ret

profits from normal operation using bilateral contracts . °" . For the costs components, the premium

paid to obtain the insurance C,,, loss caused by EEs Cy, estimated in section 4.5, and the premium

ns >
paid to obtain the strangle weather derivatives C,,, +Cop), are all considered. In addition, the budget

constraint has been considered in equation (4.25) which is determined by the budget limit of the retailer
that will impact the investment decision of the retailer on the hedging tool portfolio. The objective

function for the whole year can be shown as follows:

min(Clost = R4} ) = Cpoy + Crappy + Cepp + Crp = Rypy = Ryppp = Reppy = 7" (4.23)

retail retail Ins ret

d
Z (Wf;?)lzl) (n)% Py + Wiy (1) PHDD)
PLprap (t)ZIDLC()n (t) + n=d—cd
s.t. 24 (4.24)

d
z (chglzl) (n)>< Feop +Wpp (n)XPCDD)

24

fix fix put call
XBat X ]’Bat +XHDD x j’HDD +XHDD X ﬂ’HDD

put call
X cpp X Alpp T X cpp X Acpp TX g X 4

ns Ins

< Budget (4.25)

Con
ret

where R and C™“ are the total retailer revenues and costs for the whole year; 75" is the

etail retail
conventional annual profits of the retailers by using the bilateral contracts, which can be referred to

equation (4.1); P (¢) is the total load demand of the end-users under the proposed model which

involves three parts: the energy from the generators and the spot market, the energy from the battery, and
the energy from the strangle weather derivatives.

4.8 Case Study

4.8.1 Experiment Setting

In this chapter, all the data relating to energy price and demand are obtained from the AEMO [160].
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Other data like daily average temperature for the months of January, February, June to August, and
December of the simulated years can be found in [169]. The proposed model is compared with the
reference using the bilateral contracts in Table 4-2 and the reference using the options in Table 4-3.
Moreover, a discussion of the proposed model with references using the bilateral contract, insurance, and
options is further conducted in Figs. 4-4 to 4-9. Since our model is a mixed-integer linear program
problem, it can be solved via the CPLEX solver.

The uncertainties considered include the electricity demand and price. Monte Carlo simulation is

utilized to address uncertainty problems by modeling their probability density functions.

TABLE 4-1. PARAMETER VALUES WITHIN THE CHAPTER.

Parameter Value Parameter Value
excy,. 36,000 AUS r 5%
1C,, 50,000 AUS y 20 years

Prop - Fepp 1 MWh Meta » s 90%

In Table 4-1, the parameter values relating to the insurance, the strangle weather derivatives, and the

ESS are given. For the insurance, the insurance excess exc,, is given. For the strangle, the coverage

amount per HDD/CDD contract P,/ P.,, is given. For the ESS, the initial costs of the ESS IC,

at >
the discount rate r, the ESS lifetime y, and the charging/discharging efficiency 77,, and 77, are

included.
4.8.2 Simulation Results Analysis

Fig. 4-3 shows the compositions of the total load demand (PL) of the end-users for a year.
Conventionally, the total demand includes the energy from the contract signed between the retailer and
the generator if the contract coverage amount (PG_contract) is enough to satisfy the loads. If it is not
adequate, the retailer will purchase extra energy (P_spot) from the spot market at the spot price, which
is higher than the contract selling price between the retailer and the end-users. By contrast, in the
proposed model, when the load demand is higher than the energy supply, the retailers will exercise the
HDD/CDD call to buy electricity from the power generator to satisfy the extra load demand. On the
contrary, when the demand is lower than the supply, the retailer will exercise the HDD/CDD put into

selling the electricity at the strike price to the end-users to enhance the sales. Here, P_strangle is the
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electricity purchased via the strangle weather derivatives to satisfy the demand. In addition, the retailer
can discharge electric power from the BESS to satisfy the load, which is PESS sell. By using the
HDD/CDD call and the HDD/CDD put, the energy procurement in the spot market has been reduced and
replaced by the energy from the ESS and the strangle weather derivatives, which is cost-saving for the
retailer.

801 PG_contract P_spot P_strangle WENPESS_sell ——PL —— Electricity prices 320
270
220
501

170

120

Amount of energy (MWh)
B
2
Electricity price (AU$/MWh)

70

1 20

1 2 3 4 5 6 7 8 9 10 11 12
Month in a year

Fig. 4-3. The composition of the total load demand.
Fig. 4-4 illustrates the execution of the strangle weather derivatives in both summer and winter. For

the summer period, the CDD strangle covers three months, and those are January, February, and
December. The blue bars show the amount of accumulated CDD(n) for a week. In this chapter, the
contract period of each strangle covers one week, and the strike value of the CDD call is higher than the
CDD put. In brief, the CDD strangle is exercised when the CDD(n) is higher than the strike value of
CDD call or smaller than the strike value of CDD put. To be specific, the CDD call represented by the

yellow dots is exercised when the CDD(n) is higher than the CDD call strike value, whereas if the

CDD(n) is lower, the CDD put represented by the purple diamond is exercised. For the winter period,
the HDD strangle also includes three months, i.e., June, July, and August. The red bars are the weekly
accumulated HDD(n) . The identical methodology is applied to decide the execution of the HDD call

(blue triangle) and the HDD put (green square). Not all the strangles in these six months are exercised
because temperature changes within certain ranges in both summer and winter are acceptable. When the

temperature variation exceeds the acceptable range, strangle is exercised.

82



Weekly average
temperature

<& copput QO  cpDcanl EEEN upD

40 A Reference

O  wop put HDD call I cop 3 temperature
35 Q) o OC
=~ The 2" week of
o » 2 f R June, HDD call Y.
oy 2 \ .‘ @is executed oA o o
2 \'\o SN ND P
] \ Y
D 20 ¥
a
=]
5]
H

February, CDD
putis executed

15 eg.
The 4th week of
6 7 8 9 1

o 12
Month in a year

Fig. 4-4. The execution date for the HDD strangle and the CDD strangle.
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Fig. 4-5. The profits from the strangle and the normal operation.

Fig. 4-5 shows the net profits for the HDD and CDD strangles, which are positively correlated with
the spot prices. The orange areas show the net profits of the retailer under the conventional model, which
are negatively correlated with the spot price. Due to the opposite relationship between the net profits
under the proposed model and the conventional model, the HDD and CDD strangles can be utilized to
offset the losses when the electricity price is high (or when the net profits under the conventional model
are negative). Although the strangle incurs costs, that is, the premium of the strangle, the retailer will
make more profits with fewer risks on average.

In Table 4-2, we compare the profits of the conventional models with the profits of the proposed model
under circumstances where there are EEs, and there are no EEs during the simulated periods. For
circumstance that no EEs occurs, it can be found that the profits of the proposed model (18,777,003
AUS in summer and 21,569,735 AUS in winter, respectively) are higher than the conventional model
(12,771,094 AUS in summer and 12,851,821 AUS$ in winter, respectively). This is because the strangle

weather derivatives are used in the proposed model to hedge the risks of demand variation in both winter

83



and summer. When there are EEs in both summer and winter, the profits of the conventional model
decrease by around 35% in summer and 31% in winter compared to the profits in summer and winter,
where no EEs have occurred. Although the profits under the proposed model are also reduced to some
extent, it reduced by 24% in summer and 22% in winter. This can be explained by the use of insurance
to offset the losses. As for other times besides winter and summer, the conventional model is more
profitable and gains 40,881,709AU$ under no EEs. Whereas for the proposed model, besides the ESS,
the insurance is also purchased. And the investment costs of the proposed model are higher than the
conventional ones. Thus, the net profits are lower under the proposed model, which is 33,357,132AUS.
However, the insurance takes effect when there are EEs because the profit reduction of the proposed
model under EEs is lower than that of the conventional model. In other words, the utilization of insurance
has reduced the profit fluctuation, and the risks have been hedged. On average, the profits of the proposed
model are higher than the conventional model under either EEs or non-EEs, and the overall profit

variation of the conventional model is about 26% higher than the proposed model.

TABLE 4-2. COMPARISON OF THE NET PROFITS BETWEEN THE CONVENTIONAL MODEL AND THE PROPOSED MODEL UNDER EES AND

NON-EEs.
Profits of the conventional Profits of the proposed
model (AUS) model (AUS$)

EEs no EEs EEs no EEs
Summer 8,264,758 12,771,094 14,212,836 18,777,003
Winter 8,894,736 12,851,821 16,757,272 21,569,735
Other times 28,685,633 40,881,709 27,516,059 33,357,132
Overall Profits | 45,845,127 66,504,625 58,486,167 73,703,871

TABLE 4-3. COMPARISON BETWEEN THE STATE-OF-ART MODEL AND THE PROPOSED MODEL.

Using option Proposed model
Total costs 26,167,123 21,354,203
average profits 29,281,453 46,095,019
ROR 1.12 2.16
ESS efficiency 52% 68%

In Table 4-3, the comparison between the state-of-art model using options and the proposed model is
illustrated [112]. Four types of performance indices are utilized. The first index is the costs of the retailer,
and it can be found that the total costs of the retailer using the proposed model are smaller than that of

using the options. The second index is the profits of the retailer. It can be found that the profits of the
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retailer under the proposed model are 46,095,019 AUS$, which is higher than the model using the options.
The third performance indicator, rate of return (ROR), is utilized to measure the gain of the retailer [170].
It is calculated by dividing the profits of the retailer by the total costs of the retailer. It can be found that
the ROR of the retailer using the option is 1.12, which is lower than that of using the proposed model.
Furthermore, for the fourth index, the ESS efficiency is compared. It can be found that the ESS usage

efficiency of the proposed model is 16% higher than that the model using the option.

m Using options B Proposed model 17,459,856
Unit: AUS

15,000,000 13,437,526

10,000,000

6,850,370

5,000,000 4,187,532 3,729,145
. 1,856,89

ESS costs Financial hedges costs Procurement costs

Fig. 4-6. The cost comparison of the retailer between the proposed model and the model using options.

In Fig. 4-6, the costs of the retailer include three types of costs, i.e., the ESS costs, the financial hedges
costs, and the energy procurement costs. It can be found that the ESS costs (investment plus operational
costs) and the procurement costs of the retailer are significantly reduced using the proposed model.
However, the financial hedges costs of the proposed model are more than doubled compared to the model
using the options. This is because the retailer purchases both the strangle weather derivatives and the
insurance under the proposed model, whereas the state-of-art model only utilizes the options.

In Fig. 4-7, the distribution of the total loss value is represented by the blue bars. There are four
methods used in this chapter, and they are the bilateral forward contract, the ESS, the strangle weather
derivatives and the insurance. According to the simulations, the bilateral forward contract can cover loss
value (negative net profits) of a relatively small amount compared to the other three hedging methods.
For most of the time, the ESS and the strangle weather derivatives are utilized to hedge risks of
intermediate damages with relatively high frequencies. For risks under EEs, insurance is used, which is
of fewer frequencies but tremendous damages.

In Fig. 4-8, the number of each type of hedging tool used depends on the budget limit of the retailers.
Three hedging tools are compared, the ESS, insurance and the strangle weather derivatives, which

include both the HDD strangle and the CDD strangle. For low budgets, the utilization of all the hedging
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tools is reduced. The insurance and the ESS will not be used in this situation. As the budget increases,
the usage of all the hedging tools is increasing. When the budget reaches 8,000k AUS, the number of
insurance contracts remains the same while more HDD strangle and CDD strangle are purchased
compared to the 6,000k AUS budget scenario. For ESS, the number of batteries increases rapidly under
the 8,000k AUS budget. In brief, the demand for insurance is the most inelastic one. This could be
explained by the feature of the insurance that it will merely be used when there are tremendous losses
caused by the EEs. Therefore, it is unlikely for retailers to purchase plenty of insurance contracts. By
contrast, the demand for the battery is quite elastic. The elasticity of the strangle weather derivatives lies
in the middle. Thus, when the budget of the retailer is sufficient, all three hedging tools can be invested.
Whereas when the budget of the retailer is limited, the investment order should be insurance the first,

strangle weather derivatives the second, and ESS the third.
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Fig. 4-8. The investment options under different budgets.

4.9 Discussion with Other Works
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In Fig. 4-9, the risk-hedging methods of the existing works are applied based on the data simulated in
our model. Thus, the results of using the existing works can be compared with our model. four
performance indices are illustrated, namely, the average profits, the total costs of the retailer, the ESS
efficiency, and the payback period. For average profits and total costs, it can be found that only using the
bilateral contracts of [36] to hedge risks results in the smallest profits for the retailer at 25,427,301 AUS,
whereas the total costs are the highest at 29,175,439 AUS. This is because the bilateral contracts can only
be served as basic risk hedging contracts for the retailer to pre-determine the amount of electricity to buy
from the power generator at a fixed purchase price and the amount of electricity to sell to the end-users
at a fixed selling price. However, bilateral contracts are unable to hedge the risks caused by EEs or the
risks of demand fluctuation. When using the hedging strategy of [108, 117] to hedge the risks of the
retailer, the profits are higher than the model using the bilateral contracts but lower than that of the
proposed model. Whereas the total costs are lower than the model using the bilateral contracts but higher
than that of the proposed model. When using the hedging strategy of [112], the results are similar to the
results of using the hedging strategies of [108, 117]. However, [108, 112, 117] merely consider the risk
hedging strategies at either the transmission or the distribution levels. More comprehensive hedging
strategies for the retailer are needed. Compared with all the other hedging strategies, our model can
ensure the highest profits at 46,095,019 AU$ and the lowest total costs at 13,437,526 AUS. This is
because in our model, besides the bilateral contracts and ESS, the insurance is purchased by the retailer
to hedge the risks of power shortage caused by the EEs at the transmission level. Additionally, the
strangle weather derivatives are proposed to hedge the risks of demand fluctuation at the distribution
level.

For ESS efficiency and payback period, the results of these two performance indices using the
strategies of [36, 108, 117] are quite similar. It can be found that using the strategies of [112] results in
slightly higher ESS efficiency. This is because the option utilized can reduce the peak load of end-users
by forcing them to sell a certain amount of load to the retailer. Then the electric power will be stored in
the ESS managed by the retailer. Hence, the SOC of the ESS is increased. By comparison, the proposed
model can ensure the highest ESS usage efficiency. This is because the SOC of the ESS is enhanced via
the strangle weather derivatives, in which the SOC is increased via both the HDD (CDD) call and HDD

(CDD) put. Thus, the ESS usage efficiency is increased accordingly. Additionally, the payback period
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of ESS based on the proposed model is shortened compared with using the strategies of the other three

references. This is because the average profits of the retailer using the proposed model are the highest.

Average profits (AUS$) Total costs (AUS)
50,000,000 46,095,019 40,000,000
40,000,000 29,175,439 369.5
osssons 30,000,000 27,201,114 28369528 (o 10s
5,938, 29,281,453
30,000,000 5,427,301 21472 21,354,203
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Fig. 4-9. Discussion among the existing references and the proposed model.

4.10 Conclusion

In this chapter, besides the utilization of the bilateral contract and the energy storage system, two more
tools have been proposed to hedge the risks of the retailers at both transmission and distribution levels.
They are the insurance and the strangle weather derivatives. For risks at the transmission level, it might
occur when there are extreme events, this type of risk causes huge damage to the transmission network,
but the risks are of relatively low frequency. Thus, insurance based on the adjusted risk valuation method
is used to hedge the power shortage risks. For risks at the distribution level, the retailers mainly deal with
the problem of demand fluctuation caused by the distributed energy resources and climate change, which
is much less severe but more frequent than the damages caused by extreme events. Hence, the strangle
weather derivatives and the energy storage system is chosen to hedge this type of risk. Simulation results
indicate that the proposed model ensures higher profits for the retailers in summer (about 6 million
AUS higher) and winter (about 9 million AU$ higher) compared to the conventional model when there
are no extreme events occur. On average, the profits of the proposed model are higher than the

conventional model.
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5. OPTION-BASED DEMAND RESPONSE MANAGEMENT FOR

ELECTRIC VEHICLE AGGREGATOR

Renewable energy resources, such as wind power, can serve as alternative energy sources to fossil fuels
to reduce carbon emissions. However, the intermittent feature of wind power generation can lead to an
imbalance between the energy demand and supply. Thus, in this chapter, an option-based DR strategy is
proposed to mitigate the demand-supply imbalance and save energy costs for both the retailer and the
EVA that manages the EVs. In the first part, option-based DR is conducted by the retailer to incentivize
EVA to either charge or discharge electricity (DR decisions). Additionally, a robust optimization method
is formulated to model the wind power uncertainty impact on the DR decisions. To tackle computational
complexity of the robust optimization, a dual approximation approach is applied. In the second part, a
clustering-based Nucleolus method is formulated to allocate the cost saving of the EVA resulting from
the DR decisions among EV users and ensure their satisfaction. The time on finding the nucleoli (the
optimal cost saving allocation) can be shortened via the clustering technique and nested linear program.
According to the simulation results, the proposed DR strategy can save energy costs for the retailer and
the EVA at 26.2% and 6% compared with using the price-based DR strategy. For the cost saving
allocation, the formulated clustering-based Nucleolus allocation method can ensure the willingness of
the EV users to participate in the DR strategy.
5.1 Introduction

To cope with the climate change and energy crisis, the utilization of renewable resources, such as wind
power, is growing rapidly around the globe [110]. Although wind power is a kind of alternative energy
source of fossil fuel to reduce carbon emission, the intermittent feature and limited predictability of wind
power generation can lead to the imbalance of energy demand and supply, which is challenging to both
the power systems and the electricity market participants. To this end, DR strategies can be designed to
encourage energy users to adjust their energy consumption patterns to mitigate the demand and supply
imbalance problem. DR mainly considers the shiftable loads, lighting, and HVAC [171]. On the other
hand, EVs are considered an effective tool to reach a low-carbon economy. In the near future, EVs have
the potential to become one of the major electricity-consuming appliances [172]. Additionally, the
inherent flexibility of the EVs makes them promising DR resources. However, when EV users directly

participate in the energy market, they will encounter risks of energy price uncertainty. As a result, EVAs
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act as a mediator between the retailer and EV owners and should be introduced to realize the insulation
between EV users and the electricity market. Insulation means that EV users do not directly participate
in the electricity market. Thus, the DR strategy of the retailer for the EV aggregator that can reduce
energy demand and supply imbalance should be focused on.

In the literature, there are mainly two types of DR strategies, namely, price-based DR and incentive-
based DR. For price-based DR, it is a type of DR strategy to incentivize the end-users to alter their load
patterns according to the time-varying prices [58], such as time-of-use rates, critical peak pricing, and
real-time pricing. In existing research articles, the DR strategy could be formulated from the perspectives
of the EV owners, the charging stations, and the electricity retailer [58-61]. However, price-based DR
has two main drawbacks. First, the DR income of EVs to compensate for providing load flexibility cannot
be ensured due to the volatility of the price. Second, price-based DR is conducted under organized
infrastructure and regulatory approval, which is expensive. For incentive-based DR, it aims to maximize
the benefits of retailers, which will increase by triggering an incentive price to influence end-user
behaviors to change their demand consumption. For example, direct load control, interruptible/curtailable
rates, emergency DR programs, capacity market programs, and demand bidding programs [62-65].
However, literature relating to incentivizing EVA to yield load flexibility using incentive-based DR by
the retailer is not investigated yet.

Thus, in this chapter, we propose a novel option-based DR strategy (incentive-based DR) to incentivize
EVA to charge or discharge electricity to mitigate the demand-supply imbalance considering the
uncertainty of wind generation. In such a strategy, the retailer is the option buyer who is responsible for
exercising the call and the put options to conduct option-based DR. For the EVA, it is the option seller
who manages the EV users to either increase or decrease charging demand in response to the option-
based DR strategy. Three contributions are listed as follows:

=  First, a rigorous option-based DR mechanism based on both call and put options are implemented
to shift the consumption patterns of the EV users managed by the EVA to mitigate demand-supply
imbalance. For the call option, it is designed for the retailer to reduce peak demand when the energy
supply is smaller than demand by compelling the EVA to discharge a certain amount of electricity.
For the put option, it is designed for the retailer to increase demand when the energy supply is

higher than the demand by compelling the EVA to charge a certain amount of electricity.
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= Second, based on robust counterpart theory, a robust optimization method is formulated to model
the wind power uncertainty impact on the DR decisions. The model avoids the excessive
conservativism of the conventional robust model by introducing a parameter to adjust the robustness
of the proposed method against the level of conservativism of the solution. Furthermore, an
equivalent linear formulation of the robust optimization method is derived via dual approximation.

= Third, a clustering-based Nucleolus allocation method is formulated to optimally allocate the cost
saving of EVA among the EV users by ensuring their satisfaction with the allocation. The clustering
technique is applied to improve the computation efficiency of finding the nucleoli (the optimal cost
saving allocation) by reducing the set of coalitions. Moreover, a nested linear program is applied to
further enhance the computational efficiency of finding out the nucleoli.

5.2 The Framework of the Proposed Model

’ First part: Imbalance mitigation via option-based DR

Participants Focuses Results

e Option-based DR mechanism

e Robust optimization and linear
optimization model

e Derivation of exercise price and
option premium

e Electricity retailer o Cost saving for retailer

e EVA
e Cost saving for EVA H

Second part: Cost saving allocation via clustering-based Nucleolus

Participants Focuses Results
e Clustering-based Nucleolus e Ensure the satisfaction of
e EV end-users allocation method all the end-users toward the
e Nested linear program cost saving allocation

Fig. 5-1. The framework of the proposed model

The framework of the proposed model encompasses two parts, as shown in Fig. 5-1. In the first part,
the option-based DR, including both call and put options, is first proposed to mitigate the imbalance
between the energy demand and supply by incentivizing EVA to charge/discharge a certain amount of
energy. Additionally, a robust optimization model is formulated to model the wind uncertainty impact
on the DR decisions. Furthermore, based on the objective to minimize total cost, the optimal exercise
price and option premium of both call and put options are derived. In the second part, the clustering-
based Nucleolus allocation method is developed to optimally allocate the cost saving of EVA among the
EV users to ensure the willingness of all the EV users toward the allocation. Clustering techniques and
nested linear programs are used to reduce computation complexity.

5.3 Proposed Option-based DR Strategy

5.3.1 Objective Function and Constraints
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In this chapter, we aim to minimize social costs, including the financial cost of the retailer and the

EVA, as well as the cost of operational risks caused by wind power fluctuation, shown as (5.1). Equation

(5.2) is the demand-supply balance constraint. In (5.2), the total load demand equals /, +F° " For the

energy supply, the electricity can be purchased in the day-ahead and real-time markets by the retailer.

Besides, the retailer is assumed to have wind farms to partially substitute energy procurement. The

option-based DR is proposed to shift the EV charging profile Pt”h to balance the demand and supply.

The detailed mechanism of the option-based DR can refer to in Propesitions 1 and 2 in section 5.3.

min Ct()ml — Cret + Cagg + Cwind (51)
st. Zt+l?z—yt><P““”+zt><P”“’ — PP w, (5.2)

where C™“is the total costs occurred during the electricity trading process; C’* is the cost of the

retailer; C“® s the costs of the EVA; C"™ is the cost of operational risks caused by wind power

fluctuation; / is the load of the end-users other than the charging demand of EVs; RCh is the

aggregated EV charging profile at time #; y, and z, are the amount of call and put options exercised

attime f; P’ and P™ are the electricity coverage amount per call and put options; P“ and P"

are the amount of electricity purchased in the day-ahead and real-time markets; yfuvl is the actual wind

power.
5.3.1.1 The mechanism of option-based DR

In this chapter, it is assumed that the retailer purchases both call and put options from the EVA to
conduct DR. As a result, the retailer has the right to exercise the options, whereas the EVA has an
obligation to comply with the option execution decision made by the retailer in return for option
premiums (payments) [33]. The mechanism of the option-based DR is:

Proposition 1. For the call option, it is designed for the retailer to hedge the risks of increasing demand
when supply<demand. And it is exercised when the real-time electricity price A" is higher than the

call

call option exercise price Ay’ .

Explanation: By exercising the call option, the retailer can reduce the demand of the EVs by y, x P
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amount at time 7, shown as (5.2). As a result, the retailer must pay a payment of 154 x y, x P to the

EVA at time ¢.

Proposition 2. For the put option, it is designed to enhance the revenues of the retailer under the case

of decreasing demand when supply>demand. And it is exercised when the put option exercise price AL}
is higher than the real-time price A" .
Explanation: By exercising the put option, the retailer can increase the demand of the EVs by z, x P”

amount at time ¢, shown as (5.2). As a result, the retailer receives a payment of A7) x z, x P” from

the EVA at time ¢.

5.3.1.2 Costs of the retailer

The costs of the electricity retailer include the premium costs C¥, the energy purchase costs in both
the day-ahead C “ and the real-time markets C”, and the DR costs C*. Additionally, the profit of

selling electricity to EVA 7" is considered a negative cost, shown as (5.3). Note that the trading is
scheduled in an intraday market.
C =C” (Y, Z)+C(P*)+C” (y,z)+C" (P*) 7" (5.3)
The option premium costs of the call and put options paid by the retailer to the EVA can be formulated
as equation (5.4).

C?(Y,Z)=2“"xY + A" xZ (5.4)
where 1" and AP are the premium of the call and put options; ¥ (Y =ZteT Y,) and Z

(Z= ZteT z, ) are the total amount of the call and put option contracts.

The day-ahead and real-time energy purchase costs are formulated as equations (5.5) and (5.6). The

decisions of the real-time purchasing are based on the expectation of the wind information state s [63].
Cdu (Pda ) _ Zil(ﬂ;jﬂ « Ptda )>< At (55)

Cr(P)= B[ 3 (A xR )x ] (5.6)

where 2 and 2 are the day-ahead and real-time price.
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The DR cost is shown in equation (5.7). The DR decisions are also based on the expectation of wind

state s [63].

oy [EE e o
’ ' —ztrzl(/lg?;’xztxP”"’)xAt .

5.3.1.3 Costs of the EVA

The costs of the EVA include energy trading costs °, disutility cost @, caused by DR, and the
degradation costs C;EOVCI of the battery [63]. Additionally, the premium from selling the options C%
and the DR income (% are treated as negative costs, shown as (5.8).

=" @, -C"(Y,2)-C" (yz)+ Y, Cir, +7° (5.8)

The disutility cost is formulated in a quadric form as (5.9) [63].

®, =y, x Pz, x P") 4 by, x P4z, x PP (5.9)

When the call option is exercised, the EVA will reduce electricity consumption by y, x P/ amount

in return of A% x y, x P’ amount of payments from the retailer; when the put option is exercised, the

EVA will increase electricity consumption by z, x P? amount by paying A/, x z, x P"" amount of

payments to the retailer. In addition, the EVA receives premium payments C” (Y Z ) from the retailer.
The degradation cost of EVs is formulated as (5.10) [173].

Co, =oxP" xAt+pxSOCF" x E*V xn' x At (5.10)

where P =§J+z, x PP —y, x P! (5.11)

t

where Cfgc is the SOC-related degradation costs; ¢ is the cost coefficient of the lifetime depression

t

of the EV battery; P is the power charging at time t that is derived based on adjusting planned power

charging EJ via the option-based DR; SOC/" is the aggregated SOC of all the EVs at time t; E*”

!

is the total rated energy capacity of the EV battery; 7' is the leakage loss factor of the EV battery.

In order to characterize EV usage, information such as driving distance and driving duration is

collected [174]. Then, the SOC balance constraint of EVs is shown in equation (5.12).
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dr, )
SOC!) =S0C" + P xn” x At/ E* =) I{Ef” ~ S pr In™ ]x At/ EF (5.12)
le rfﬂa i

Pmin < Pflh SPmax (513)
where dr;, is the driving distance of EV i; pl;,t is the probability corresponding to dr,,; E" is

the rated energy capacity of the EV owned by EV i; dr“ is the total driving distance the EV owner i

dis

can drive with a fully charged battery; 7 /7 is the charging/discharging efficiency; pmin and pme

are the minimum and maximum charging power.
5.3.1.4 Costs of operational risks caused by wind power fluctuation

It is assumed the retailer can partially substitute the procurement in the electricity market with self-

generated wind power to save energy costs and reduce carbon emissions. If the wind generation ;vT is
within the admissible region of wind power (ARWP) range [M}”W,W"p], the wind power can be
accommodated by the system without causing operational risks. On the contrary, if the w, is outside

the range, operational risks will occur. Thus, in this chapter, "¢ isused as a risk indicator to measure

the risks caused by wind power fluctuation under a given confidence level [175]. Here, the ARWP range
is the given confidence level, and it is influenced by the reserves provided by the EVs. By allocating
more flexible capacity for EVs, the ARWP range can be broadened, and the risks of excess wind power

and power shortage can be reduced. The wind power costs can be formulated as (5.14).
C = A" x PP At + A7 x PP x At (5.14)
where (" is the costs caused by wind power fluctuation; C"*¢ is the cost caused by excess wind

power; CPS is the cost caused by power shortage; 2"7¢ and A7 are the coefficients of excess

wind power and power shortage, respectively; p"P¢ and pPS are the excess wind power and

shortage of wind power.

Axiom 1. w, > w", excess wind power occurs, which can be expressed as equation (5.15).

wec _ E[ w (. v, B u,,}
p 77 (w ‘o < f7 (W) < W = 519
- .[ 0<w, — W' <y — ( w? ) ( )
f""(w”" »7) max(o,fvj-wup) (5.16)
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low

Axiom 2. On the contrary, w, <w™", power shortage occurs, which can be expressed as equation

(5.17).

sl o o o1

low -~
= _ w™ —w |pr, (w )dw
J.O <pfov -, <plow ( t )p 14 ( t t

flou,-(wluw’;{};):max(o’wluw_1’;};) (518)
where p"PC¢ and pPS are the total excess wind power and power shortage power, respectively;

f (w“” ,VZ) and [ (w'”w,vnvj) are the excess wind power and power shortage power at time t,
respectively; 1™ is the maximum capacity of the wind generation; w* is the upper boundary of
wind generation, above which excess wind power should be curtailed; 1" is the lower boundary of

wind generation, below which power shortage will occur; pr, (VZ) is the occurrence probability of

wind power at time t under different wind speeds, which can be derived via equation (5.19) [176].
pr()=] 1, (vp 519
s.t. fi(v)= 21//(1/* )2 -exp [—(v/v* )2} (5.20)

3

v =2vmen [\ (5.21)

where fq (V) is the Rayleigh PDF of the wind speed V ; ™ isthe mean wind speed; v and

are the lower and upper bound of the wind speed.
5.3.2 Robust Optimization for Wind Power Uncertainty

Data uncertainty can impact the quality and feasibility of the model. Thus, we formulate a robust
optimization method to model the impact of wind generation uncertainty on the DR decision by avoiding
the conservatism of the solution [177, 178].
5.3.2.1 Uncertainty set

First, the uncertainty set needs to be defined. The uncertainty of the DR model considered is the actual
wind power generation vavl .Let ow, | 7/t| =w, , where W is the wind power prediction error and W, is
the predicted values of wind power generation can be obtained via the time series forecasting method

[177, 178]. Thus, the uncertainty set = for wind generation ;vv, is:

96



~ ~ |w=owlrl,
w,:EIyteRTs.t.wte{ | t|:|

w, +6w, |7

E(q)t,v?t):: (5.22)

l7.|<1— Z|7,|<¢t

teT

where @, is the uncertainty level of the uncertainty set Z; 6 and ), are the volatility coefficients.

Axiom 3. When ¢, =0 | the uncertainty set Z is a nominal deterministic case W ; when @

increases, the range of the uncertainty set = enlarges; when ¢, reaches the maximum amount, the

worst-case uncertainty is presented.
5.3.2.2 Robust optimization model

Then, we formulate a robust approach via the robust counterpart theory to model the wind power

uncertainty impact on the DR decisions. Denote the vector of decision variables as X, including P*,

P", Y ,and Z.The robust counterpart is formulated as (5.23)-(5.25).

min C*“ (x w, ) (5.23)
s.t. Z W, +&(T,) <1, - PV (5:24)
\Pm = _Pn;j‘j Pn:rz Vo X Pm” + Zm x pr (525)

where ¢ (T, ) is the protection function of the # constraint.
In the robust optimization model, a parameter I, is introduced to adjust the robustness of the model

against the conservatism of the solution, where T, 6[0,|J,|] and |J,| measures the total number of

parameters that are uncertain. The protection function can be formulated as (5.26):

E(L,)= max { >, +(T, —LFtJ)‘P;J} (5.26)

{Mu;, ‘M‘LFJ],EJ\M} meM,
- Il t
Where = _I)rgt m,t — Wt _ym,t Xpm +Zm,t XPP” (527)

Axiom 4. When T', =0, &(T,) =0, then constraint (5.24) is equivalent to the nominal problem; when

r,= |J ,| , the problem is similar to Soyster’s method.

5.3.2.3 Linear optimization model
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As equation (5.26) is non-linear, we should find the equivalent linear formulation to the robust

optimization model.

Proposition 3. The linearized protection function & (T,) is:

£(T,) = max 2 VA, (5.28)
medJ,
s.t.z u,, <T, (5.29)
meJ,
0<u,, <1L,VmelJ, (5.30)

Proof: The optimal solution value of equations (5.28)-(5.30) consists of | I, | uncertain parameters at
1 and one uncertain parameter at I',—|T, | . This is equivalent to the selection of a subset

{m, 003 m, <0, M |-|T, Ljes .| with a corresponding function ZA‘; Yo +(Fr _erj)\{lj,,t .

Proposition 4. The robust optimization model can be reformulated as the linear optimization model as

follows:
min C" (x,v?) (5.31)
s.t. S, +ul,+ Y p, <l - P Vi (5.32)
m med,
U+ p,, 2V, NtomeJ, (5.33)
4, 20,V1 (5.34)
P, 20Vt me J, (5.35)

Proof: The dual of proposition 3 is as follows:

min z pm,t + lutrt (536)

meJ,
s.t. equations (5.33)-(5.35)
where #,, and p,, arethe dual variables.
Since equation (5.36) is the dual problem to proposition 3, and proposition 3 is feasible and bounded

forall T, e [O,

Jt|] , then equation (5.36) is also feasible and bounded. Additionally, ¢&(T,) is equal

to the objective function value of equation (5.36). Replacing it to equation (5.26), we found that the

linear optimization of equation (5.26) is shown as proposition 4.

98



5.4 Derivation of Exercise Price and Option Premium
5.4.1 Option Exercise Price

First, the optimal exercise price can be derived as follows:
Theorem 1. The optimal call option exercise price A5 and optimal put option exercise price A/
that can ensure C*“ (i;f.fl*,/lé’,f’t*) <c (ﬁgj‘.fl,/l,g’;’ ) are shown as equations (5.37) and (5.40).
5.4.1.1 Call option
agar =j CD'(yt)ﬁ(s)ds/-[:zﬂ(s)ds (5.37)
Bls)=als)/ A" pr, (1, = B* =y, xP") (5.38)
where @ (s) isthe prior probability density function of the wind information state s, where,s €[s,,s,];

Pr(+) is the wind power cumulative probability distribution function [63].

call

Proof: By taking the partial derivative of the total costs (™ in (5.31) to the exercise price A5 of

the call option, we have:

Cr =l el 2 -0 ()l

a ﬁ;;ll 5 /ll” llrt (5 39)
[ [~ ()] '
= . —a(s)ds
E ﬂ,’tpl’v (lr _Pzda WX P‘all)
5.4.1.2 Put option
A =j qa‘(z,)ﬂ*(s)ds/ﬁ B (s)ds (5.40)
,B*(s)za(s)//’tt”prv (lt -P“+z ><P’””) (5.41)

Proof: By taking the partial derivative of the total costs (™ in (5.31) to the exercise price 175" of

the put option, we have:

. qput

a@it’o’:l :J.:lz /11” (Pril) /ZE_f:[/l}?gt -®'(z, )}a(s)ds
EP ’ 5

e [ -0(0)]
s A" pr, (l, —P“ +z, xP™

(5.42)

o (s)ds
)()

54.2 Option Premium

Then, based on the optimal exercise prices of both the call and put options, the option premiums can
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be derived.

Theorem 2. The option premium /7 is the larger value of the binomial value A;:"'” and the

intrinsic value A7 of the option [54], which satisfies equation (5.43):

Acall/ put _ max( i;“,,”/ put, /”Lfﬁm pul) ( 5 43)

A = e [/1;“”“’“’ x eu”%j A %J (5.44)
u=e" , d =t (5.45)

At =max | (2" - 25",0) | (5.46)

AL = max [(zg;f — A, o)] (5.47)

where 7 is the continuous discount rate; 7 is the required rate of return of the retailer; 7* is the

total duration of the options, which is the same for call and put options; % is the increasing coefficient;

c

d is the decreasing coefficient; A7"7 (A5“"'7") is the related option price if the electricity price has

an increasing (decreasing) potential [54].
5.5 Cost saving Allocation among EVs using Nucleolus

After conducting option-based DR, the cost savings of the EVA gained from the DR are allocated
among the EV owners based on the formulated clustering-based Nucleolus allocation method. The
meaning of cost saving is the costs of each EV user can be reduced by cooperatively participating in the
option-based DR. [111].

Compared with the other allocation methods, like the Shapley value, Nucleolus can ensure the stability
of the grand coalition by ensuring the satisfaction of the end-users toward the allocation [111]. This is
because the Nucleolus not only satisfies the efficiency and individual rationality principles mentioned in
the following section, it also guarantees that the allocation is within the core defined in equation (5.50).
Here, a grand coalition is a coalition that encompasses all the EV owners [111].

5.5.1 Preliminaries of Nucleolus

Before introducing the formulated clustering-based Nucleolus allocation method, the preliminaries of

Nucleolus should be explained first.

The optimized decision variables can be plugged into the cost function of the EVA, i.e., equation (5.8),
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and the minimized cost of EVA (% can be derived. Then, we define C*® (T) as the minimized
coalitional energy costs by having the EV users cooperatively trade in a coalition 7 with the retailer.
For the coalition, we have 7 c N, where A/ is the grand coalition.

First, the definition of cost saving is mathematically defined in Definition 1.

Definition 1. If the value of the coalition is positive, i.e., ¥ (7 )> 0, it is more cost-saving for EV owners
to cooperatively participate in the coalition managed by the EVA, which can be expressed as (5.48),
according to [111]:

V(T)=3_,C -C=(T)x(1+5) (5.48)
where C, is the costs of EV i individually trading with the retailer, and no DR is involved; 7 is the

coalition of the EV users; ¢ is the management fee charged by the EVA, which decreases the cost
saving allocated to the EV users.
Second, the cost saving is allocated among the EV users according to Principles 1 and 2.
Additionally, the allocation of the cost saving satisfies the imputation (5.49), which includes both

efficiency (the first term) and individual rationality (the second term) principles [111]:

T={yeRY|Y 2=V (N).z 2V ({i}).VieN| (5.49)

Principle 1. Efficiency: >, .. x; =V (N'), where % is the cost saving allocation to EV i under the

grand coalition.
Explanation: The efficiency principle requires that all the cost savings resulting from the option-based

DR should be allocated to the EV users.
Principle 2. Individual rationality: }; 2 V({i}),‘v’i e N, where V({l}) is the cost saving if EV i

individually trading with the retailer without DR.
Explanation: The individual rationality principle ensures that all EV users are better off when
participating cooperatively in the option-based DR.

Third, the stability of the cost saving allocation should be verified, which is explained in Definition 2.

Definition 2. Given a cost saving allocation %;, it is said to be stabilizing and within the core if the

excess €(7.7)<0.The excess measures the level of the dissatisfaction of the EV users toward the cost
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saving allocation. Therefore, the core and the excess can be expressed as:

C:{;(EI|£(;(,T)SO,VTG2N} (5.50)

e(.T)=V(T)- 7 (5.51)
5.5.2 Computation of Nucleolus based on clustering

However, the calculation of the Nucleolus follows the iterative process of lexicographically
minimizing the excesses of 2V set of coalitions, which is NP-hard [179]. Hence, to reduce the
calculation complexity, a clustering-based Nucleolus allocation method is proposed.

The aim of clustering is to reduce the set of the coalition. Density-Based Spatial Clustering of
Applications with Noise (DBSCAN) clustering technique is used to cluster EVs. Currently, there are
many clustering algorithms, such as K-Means, Affinity propagation, Ward hierarchical clustering, Birch,
etc. In this chapter, we applied the DBSCAN algorithm based on the clustering feature of the energy
consumption profile of EVs. The reason to apply this particular clustering technique is that there is no
need to decide the number of clustering categories in advance [180], and it can effectively deal with noise

points [181].

After clustering, the grand coalition A/ is changed into a new grand coalition A/, where

N < N/, and the set of the coalitions is reduced significantly to 27", where 2N oV . To further

improve the calculation efficiency, a nested linear program (LP) is applied. The problem of finding the

nucleolus can be linearized based on the nested linear program as follows:

LP = min {gl‘gl +7(T )2V (T) 5T CM} (5.52)

X<l

e +x(7T7 )=V
LP, = min 1 ¢, : ( ) (5.53)
V

zeloe; 52+;((T*)2
g +x(T)=V(T").vT €S,
LB, = min <¢., |Vre{l,..k} (5.54)

€L,

*

Ga+x(T7)2V(T7).vT 2V \ K,
H =ure{l,. kS (5.55)

where ( )(1,6‘1* ) , ( )(2,6‘;) , and ( ){kﬂ,&‘;l) are the optimal solutions to the LF, LP,,and LF,,;

*

S, and S are the tight sets of the LP, and LP,,, problems; #, is the collection of the tight set
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The nested LP consists of two sets of constraints, the first set of constraints

8: + )((’T *) = V(T*),VT* IS S: ,Vre {l,...k} ensures that only the candidate imputations of the
previous LP with the worst excess value equal to ¢ are considered. The second set of constraints

&t ;((T*)ZV(T*),VT* e2V \’H, aims to minimize the worst excess values among all the

remaining coalitions.
5.6 Case Study
5.6.1 Simulation Setting

In this chapter, the data relating to electricity prices in January of 2021 are obtained from the AEMO
[160]. Three case studies are carried out to verify the effectiveness of the proposed model, which are:

Casel No DR

Case 2 Contingent price-based DR where only demand reduction is considered [182]

Case 3 Proposed option-based DR where both demand reduction and demand enhancement are
rigorously modeled.
5.6.2 Simulation Results
5.6.2.1 Results on DR strategy

Table 5-1 shows the case comparisons on costs and DR amount of the three cases mentioned above.
For cost comparison, it can be found that case 1 has the highest total costs (11407 AU$). By comparison,
case 3 has the lowest total costs. To be specific, the costs of the retailer and the costs of the EVA of case
3 are the lowest among the other two cases. In addition, both case 2 and case 3 incur wind uncertainty
costs of 560 AUS and 410 AUS, respectively. For DR amount comparison, case 2 only has a demand
reduction amount of 842 kW, which is lower than that of case 3 (951 kW). Compared with case 2, except

for demand reduction, demand enhancement of an amount of 1239 kW is also conducted in case 3.

TABLE 5-1. CASE RESULT COMPARISON OF COSTS AND DR AMOUNT

Case 1 Case 2 Case 3
Retailer 3248 2531 1869
EVA 8159 6749 6347
Costs (AUS) Social costs 11407 9280 8216
Wind uncertainty costs 0 560 410
Total costs 11407 9840 8606
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Demand response Demand reduction 0 842 951

amount (kW) Demand enhancement 0 0 1239

Figs. 5-2 to 5-4 show the EV load profile components of cases 1-3. In Fig. 5-2 (case 1), no DR is
considered. To balance demand-supply and satisfy the load under the uncertainty of wind power, the
retailer in case 1 can only buy energy in the spot market.

Compared with case 1, case 2 in Fig. 5-3 conducts demand reduction based on contingency price to
balance demand and supply under wind uncertainty [182]. As a result, the original load demand is
modified into the adjusted load demand in Fig. 5-3. Additionally, the peak load of the adjusted load
demand is flattened when the electricity price is high. For example, demand reduction occurs during
1:00-5:00 in the morning and 22:00-24:00 in the evening.

For case 3 in Fig. 5-4, the demand reduction amount is slightly higher than in case 2, which means the
peak load is further flattened when the price is high via the exercise of the call option. Except for demand
reduction, demand enhancement is also involved, such as 7:00-9:00 in the morning and 19:00-21:00 in
the evening. When the electricity price and the demand are low, put options are exercised by the retailer

to enhance the electricity demand of the EVA.
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Fig. 5-2. The load profile components of case 1.
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Fig. 5-3. The load profile components of case 2.
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E==3 Spot market purchase === Wind generation
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Fig. 5-4. The load profile components of case 3.

The demand reduction and demand enhancement under the proposed model in Fig. 5-4 are further
decomposed into three clusters according to consumption features, which can refer to in Figs. 5-5 to 5-
7.

For cluster 1 in Fig. 5-5, the EV users mainly consume energy in the morning from 6:00 to 9:00 and
in the evening from 18:00 to 21:00 when the electricity price is low. It can be found that no demand
enhancement is conducted. This is because, during those periods, the actual wind generation is higher
than the predicted wind generation. Thus, the demand and supply are balanced. However, in the early
morning, the late evening, and certain periods around 17:00, demand reduction is conducted. This is
because the actual wind generation is lower than the predicted wind generation.

On the contrary, EV users of cluster 2 in Fig. 5-6 mainly consume energy in the early morning from
4:00 to 7:00, and EVs of cluster 3 in Fig. 5-7 mainly consume energy in the late evening from 21:00 to
24:00. These two clusters have two common features that are a) when the real-time price is higher than
the call option exercise price, the energy demand is higher than supply, b) when the real-time price is
lower than the put option exercise price, the demand is lower than the supply. As a result, both demand
reduction and demand enhancement are conducted. The differences are that the total demand
enhancement of cluster 2 in Fig. 5-6 is lower than that of cluster 3 in Fig. 5-7, whereas the total demand

reduction of cluster 2 is slightly higher than that of cluster 3.
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Fig. 5-5. The DR decision for cluster 1.
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Fig. 5-6. The DR decision for cluster 2.
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Fig. 5-7. The DR decision for cluster 3.

5.6.2.2 Results on cost saving allocation

In the following section, the cost savings from option-based DR are allocated via both the Shapley
method and the proposed clustering-based Nucleolus allocation. Note that using the traditional Nucleolus
allocation method will get quite similar allocation results as using the clustering-based Nucleolus method.
The only difference is that the proposed method is more computationally efficient. Hence, the traditional

Nucleolus is not analyzed.
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Fig. 5-8. The energy costs and cost saving allocation of the three clusters under both Shapley and the clustering-based Nucleolus

allocation.

In Fig. 5-8, the energy costs and costs saving allocation of the three clusters under both Shapley and
Nucleolus allocation methods are illustrated. For energy costs, the three clusters are different, in which
cluster 3 has the largest energy costs, while cluster 1 has the smallest energy costs. This is because the
EVs in cluster 3 participate more in DR (larger total DR amount), which can be proven via Fig. 5-7. By
contrast, EVs in cluster 1 are less engaged in the DR. For cost saving, the total cost saving (398.5 AUS)

of the three clusters under either allocation method is the same. However, the allocation within each
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cluster is varied. For Shapley, the mechanism is to allocate more cost saving to EVs that have contributed
more to the DR, i.e., cluster 3. Hence, cluster 3 has the highest cost saving allocation of 162.5 AUS$ under
the Shapley method. By comparison, the mechanism of the clustering-based Nucleolus allocation method
is to ensure the least engaged EV users participate in the DR process. Thus, cluster 1 has the most cost
saving of 186.5 AUS.

Fig. 5-9 shows the largest excess averaged over 30 runs under different numbers of EVs in the grand
coalition. It is found that the excess value of Shapley is always positive, which means the allocation
under the Shapley method is unstable, i.e., (5.50) is not satisfied. On the contrary, the excess under the

Nucleolus method is non-positive, which indicates that the allocation under clustering-based Nucleolus

is stable.
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Fig. 5-9. The largest excess averaged over 30 runs.

Fig. 5-10 illustrates the linearization of the allocation process under the proposed clustering-based
Nucleolus allocation method. The largest tetrahedron represents the imputation defined in section 5.5.1.
The green tetrahedron is the core in equation (5.50), and it is also the LP1 (linear program) process.
Within the core, it satisfies X1+X2<V(1,2), X1+X3<V(1,3), and X2+X3<V(2,3). For the LP2 process,
it is illustrated as a thick black line. Lastly, in the LP3 process, the nucleoli of the three clusters under

the clustering-based Nucleolus method are found shown as the red dot (X1=186.5, X2=101.5, X3=110.5).
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Fig. 5-10. The LPs process under the proposed clustering-based Nucleolus.
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TABLE 5-2 BRIEF COMPARISON OF THE TWO ALLOCATION METHODS

No. of EVs:60 Cost saving allocation (AUS$) Stability

Shapley X1=102, X2=203, X3=215 0.18

Clustering-based
X1=186.5, X2=101.5, X3=110.5 0
Nucleolus

Table 5-2 briefly compares the simulation results of the two allocation methods from two aspects. As
for cost saving allocation, detailed explanations can be referred to in Fig. 5-8. From the perspective of
stability, the proposed Nucleolus is more stable than the Shapley allocation method, which indicates the
satisfaction of the EVs toward the cost saving allocation is ensured using the proposed allocation method.
5.7 Conclusion

In this chapter, option-based DR is proposed to mitigate the imbalance of demand and supply caused
by the intermittent feature of wind power generation. First, the EVA is incentivized to alter the energy
consumption pattern via the option-based DR conducted by the retailer. Then, the cost saving of the EVA
obtained from the option-based DR is allocated among the EV users via the proposed clustering-based
Nucleolus allocation method. Results indicate that the proposed option-based DR can save costs for both
the retailer and the EVA compared with the price-based DR strategy at 26.2% and 6%, respectively.
Furthermore, the proposed allocation method is more stable compared with the Shapley method, and it

can ensure the satisfaction level of the EV owners toward the allocation.
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6. DEMAND RESPONSE AGGREGATION WITH OPERATING

ENVELOPE BASED ON DATA-DRIVEN STATE ESTIMATION AND

SENSITIVITY FUNCTION SIGNALS

With the increasing penetration of renewable energy sources (RES), the value of the demand response
(DR) draws wide attention. In order to realize the coordinated dispatch of widely spread resources, the
aggregation of the controllable residential loads is managed by a single entity, namely the DR
aggregator. Under price-based DR programs, the DR aggregators actively respond to market signals to
reach maximum welfare. To avoid the quality of electricity services being jeopardized, the operational
constraints of the network should be considered by the DR aggregators. However, DR aggregators are
not expected to have access to the monitoring equipment and have limited knowledge of the network
states. Hence, in this chapter, we proposed a DR aggregation with the operating envelope framework
based on the representative signals produced by the distributed network operator (DNO) in the context
of big data era. The DNO provides representative signals, including real-time state estimation and
sensitivity functions, to the DR aggregators based on the proposed Semi-supervised Coupled Generative
Adversarial Imputation Network (SC-GAIN) and big data analysis. The DR aggregators can realize the
secure and efficient real-time dispatch of the controllable loads based on the received signals. The
proposed framework was verified on the IEEE 33-bus and 123-bus systems. The case studies show that
the proposed SC-GAIN algorithm can better deal with the missing data, and the learned sensitivity
functions can effectively avoid the overestimation of the true DR potential
6.1 Introduction

Motivated by the growth in the share of RES, the distribution network faces significant changes.
Although RES provides substantial contributions to the sustainability of the power grids, the intermittent
renewable energy outputs can arouse severe security problems to the network assets. In order to make
the future grids more active and flexible, DR is considered as a promising approach.

The DR can be categorized into incentive-based DR programs and price-based DR programs. In the
incentive-based DR programs, the end-users are provided with financial incentives, and they are obliged
to respond to the DR signals [183]. The incentive-based DR programs can be further classified into direct

load control and load curtailment. Direct load control allows the system operators to directly manage the
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end-users' appliances via remote control technologies [184-187]. Different from direct load control, the
load curtailment programs only authorize the system operator to cut down the end-users' supply during
a contingency [188, 189]. However, even though the incentive-based DR is an effective approach to save
the network operation costs and solve stability issues, it will obviously result in privacy and comfort
problems for the end-users.

Compared with incentive-based DR programs, price-based DR programs are more flexible. The
electricity usage profiles are stimulated by different electricity price signals, such as TOU price [190],
real-time price (RTP) [191], and critical peak price (CPP) [192]. The end-users schedule the controllable
loads to earn maximum welfare by responding to the price signals actively [193]. In order to integrate
widely spread controllable resources, different prosumers are aggregated to form collusion to earn the
largest benefits [76, 77, 194, 195].

Nevertheless, when the DR aggregation becomes large, an improper DR strategy may cause
infeasibilities in the system operation, such as voltage violation and thermal overloading problems, which
jeopardize the security of the electricity services [75]. Therefore, it is improper to neglect the network
constraints like [76, 77]. In a price-based DR strategy, the DNO does not directly control the controllable
loads but takes responsibility for formulating DR prices to stimulate customers [196, 197]. The customers
are expected to respond to the DR prices. However, in real applications, it is difficult for DNO to obtain
the detailed demand elasticities, cost functions, and utility functions of all the customers. Hence, the true
DR potential may be overestimated [75], which will result in the abovementioned problems in power
systems. DNO cannot always both meet the DR requirements and satisfy the grid safety constraints
merely through price stimulations. Then, to ensure the network security and quality of the electricity
services, DNO has to block parts of the DR requests in real-time if the DR of the customers arouses the
violation of the network constraints [198]. However, this operation behavior of DNO will cause disutility
to the customers. Ref. [15] presented an extended multi-perspective model for residential thermal DR in
energy and capacity markets. To consider the network constraints, the power flow model was considered
at the lower level in the market clearing. Ref. [20] proposed a tri-layer integrated DR model where the
physical constraints of the different networks were strictly considered. To address the nonlinear and
nonconvex problems in the distribution network, the mixed-integer second-order cone programming

method and the piecewise linearization process were used. Ref. [199] pointed out that the reliable and
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cost-effective integration of DR requires accounting for their physical properties from the system
perspective. Therefore, in their proposed model, the Markov decision model for thermostatically
controlled loads was integrated with a chance-constrained optimal power flow that accounts for the
uncertainty of photovoltaic resources. Ref. [200] proposed a model-based predictive control method for
the utilization of flexible resources effectively to provide DR in low-voltage distribution networks with
solar photovoltaic, taking into account system states. In the proposed method, a linear power flow method
based on the relaxation of branch power losses applicable to radial distribution networks was formulated.
In [201], the DR further considered the network constraints and operational constraints of three-phase
unbalanced distribution systems. In these references, although the network constraints were considered
in the optimization problem of the DR aggregator, they ignore that the load scheduling and power
dispatch are the tasks performed by different agents in a price-based DR program. In other words, the
prosumers or DR aggregators are not authorized to access the information of network variables, and they
do not have the capability to solve the OPF problem on their own knowledge. To fully address the
aforementioned problem, a novel DR aggregation with the operating envelope framework is proposed in
this chapter. The main contributions can be summarized as follows:
= First, in the proposed framework, the DR strategy of the aggregator can fully consider the
operational constraints of the power systems without obtaining full information about the electricity
network. In the existing literature, such as [199], the DR aggregator is assumed to master all the
system information, including network parameters and variables, to consider network constraints
in the optimization problem. Different from the existing references, in the proposed framework,
DNO and the DR aggregator belong to different agents that can cooperate to realize the real-time
DR with an operating envelope via limited exchanges of representative information. Therefore, the
DR aggregator can choose a preferable usage profile within the operating envelope, which provides
more initiatives to the DR aggregator. The improvement of the DR scheduling structure to
coordinate the DR aggregator and DNO is of great practical significance. With the proposed
framework, the DR aggregator is not required to obtain unauthorized data at a higher level, and less
communication burden will be brought to the cyber-physical network. Since less information
exchange is required, data security problems will be unlikely to occur.

=  Second, to provide accurate representative information to the DR aggregator, DNO realizes the real-
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time state estimation based on the weighted total least squares (WTLS) estimator [202]. However,
in real applications, missing data occur regularly due to various reasons, such as sampling failure,
communication delay, or loss of phasor measurement units (PMUSs). To deal with the missing data,
a Semi-supervised Coupled Generative Adversarial Imputation Network (SC-GAIN) is proposed
to impute the missing value. Compared with the conventional Generative Adversarial Network
(GAN)-based learning structure, the algorithm is extended to better solve the imputation problem
in an electrical context. The coupling learning structure is proposed to learn the joint distribution of
multi-domain electric states in power systems by enforcing a weight-sharing constraint. Besides,
the conventional GAN is further extended to the semi-supervised context by forcing the
discriminator to predict class labels so that a more data-efficient discriminator can be trained to help
GAN impute the missing data with high quality. The proposed learning structure is verified in case
studies. Simulation results show that the proposed methodology has lower estimation errors and
can better deal with missing data compared with state-of-the-art methods [202-204].

Third, the sensitivity function is regarded as the representative information delivered by DNO to
the DR aggregator. The sensitivity function is learned by the DNO based on big data analysis. The
sensitivity function is a set of independent linear and quadratic equations obtained by aggregators
based on the state estimation of DNO, which characterize the magnitude of the network variables,
including power flows and voltage, and current, as a function of the DR allocation. Based on the
received sensitivity function, the DR aggregator can estimate the operating envelope accurately. By
using the proposed sensitivity function, the true flexibility that DR brings to the power systems can
be studied. Compared with the sensitivity factor used in [75], the proposed methodology can better

estimate DR capacity to ensure that the network constraints are not violated.

6.2 Conventional Price-based Demand Response Scheduling

Objective Function

In this section, we present a conventional price-based DR scheduling model based on [191] and [199].

We further extend the mathematical model in reference to more types of controllable resources and

reactive power DR.

. . . . P Q
In the price-based DR scheduling, the DR aggregators actively respond to two signals /1t and ﬁt ,

representing suitably accurate prediction of system requirements on active and reactive power,
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respectively, i.e., predicted day-ahead electricity price. The objective function is to minimize the total
energy consumption cost in equation (6.1).

min Y (4" PI AL+ 2°Q!T At (6.1)
t
where Pﬂ”t and QJT;’f are the total active and reactive power consumption of the controllable load at

bus j; ltP and /@Q are the weights for each time step ¢ of the scheduling horizon.

The total active and reactive power consumption of the controllable load can be further decomposed

as equations:

Tot _ pSL ESS,CH ESS,DS HVAC PV
Qr - P;r + ij B [)ﬂ + ny - ny (6.2)
Tot _ NSL ESS HVAC PV
Q_H Wt _an,t +QN —QN (6.3)

where PﬁL and QJSTL are the active and reactive power consumption of the shiftable load; Pﬁ“’CH

and Pjiss’DS are the charging and discharging power of the BESS; Pﬁmc and thVAC are the

active and reactive power consumption of the HVAC; PE;V is the active power generation of the DGs;

C%E5 ® s the reactive power generation of the BESS from smart inverter; QZV is the reactive power

generation of the photovoltaics (PVs) from smart inverters.
6.2.2  Device Operating Constraints

The operating constraints of the controllable devices are modeled mainly based on [191]. These
constraints include the upward and downward power limits of the controllable devices, the energy
balance equation of the BESS, and the thermodynamic behavior of the HVAC. Detailed models can be
referred to in the Appendix.
6.2.3 Operating Envelope Constraints

In the conventional model, the DR aggregator is assumed to master all the system information [199].
To ensure that the scheduling of the DR aggregators is feasible, the following network constraints should
be met:
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i are the active and reactive

where Q; is the set of electric buses connecting to bus j; BJB, and @

ST ST . . .
power flow; PJ . and Qj , are the active power and reactive power from the sub-station; T and

T, are the resistance and reactance; V., is the nodal voltage; I,

i ;. 1s the branch current; 1 1'7“‘”( is the

. . B,m: B, . . .
maximum current magnitude; P and Q™" are the maximum active and reactive power flow;

Buax - .
S5, is the maximum apparent power flow.

Equations (6.4)-(6.7) are the DistFlow equations [199, 205]. Equation (6.8) is the limits of the voltage
and current magnitude. Equation (6.9) is the active and reactive power flow limits. Equation (6.10) is
the limit of the apparent power.

6.3 Proposed DR Aggregation Framework based on Representative Signals Produced by
DNO

While the previous references highlight the importance of network physical constraints in DR
programs, the effective coordination between the DNO and the customers has not been discussed.
Usually, the residential DR is operated by a DR aggregator on behalf of the interest of the participated
customers but is less concerned about the physical network constraints. The responsibility of the DNO
is to monitor the system state and ensure that electricity services are not jeopardized with the monitoring
and control infrastructures. Note that DNO does not care about end-user interests. Thus, DR and power
dispatch are tasks that belong to different agents and lack coordination. In the existing references like

[199-201, 206], the network physical constraints are integrated into the optimization problem of the DR
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aggregator. It indicates that the DR aggregator needs to access the full information of the electricity
network. However, in applications, the DR aggregators are not expected to access the monitoring
equipment. It is impractical for the DR aggregator who operates the devices at the behind-meter level to
be authorized to access the information at a higher level (distribution level) from the DNO. Although it
seems trivial that the DR aggregator cannot obtain full information about the electricity network, hidden
critical problems, including communication burden and data security, may exist. Therefore, the DR
aggregator has limited knowledge of the network states, and they do not have the capability to solve the
optimization problem with the operating envelope constraints (6.4)-(6.10) embedded. In this chapter,
we proposed a DR aggregation framework, shown in Fig. 6-1, where the DR aggregators can dispatch
the controllable resources with the operating envelope based on the representative signals produced by
the DNO. Based on the proposed method, the DR aggregator does not require complete information of
the system states. DNO and DR aggregators belonging to different agents can cooperate to realize the
real-time DR with the operating envelope via limited exchanges of representative information.

In the proposed framework, the DNO first predicts the network variables, such as demand, and
produces the sensitivity functions in the day ahead. In the sensitivity function, the magnitude change of
the electric states in power systems (including voltage magnitude, current magnitude, active power flow,
and reactive power flow) is a function of DR allocation (such as an increase in active and reactive power).
Then DNO sends the representative signals to the DR aggregators. The representative signals are the
system variables and the sensitivity functions related to the point of the connection of the DR aggregators.
The DR aggregators solve the day-ahead DR scheduling formulated in section 6.5.1 based on these
representative signals. In the real-time control, the DNO conducts the real-time state estimation
introduced in section 6.4.1 and produces the sensitivity functions introduced in section 6.4.3. The real-
time state estimation and sensitivity functions are supported by data-driven methodologies. Based on the
received representative signals, the DR aggregators realize the real-time dispatch of the aggregated
controllable resources with the operating envelope formulated in section 6.5.2. The individual dispatch

behind the coordination is out of the scope of our chapter.
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Fig. 6-1. Proposed DR aggregation framework.

6.4 State Estimation and Sensitivity Analysis of DNO Based on Data-Driven Methodology
6.4.1 State Estimation based on PMU Measurement

The measurements of the system states include the actual measurements and the pseudo-measurements.
The actual measurements are based on PMUSs, which are capable of measuring time-synchronized phase-

angles, voltage amplitudes, and branch current phasor.

The phase-angle at bus i can be formulated by the first-order Taylor series approximation of e’

]‘((’-’ . .715‘,115' . _7‘(‘)‘[”5
e me +jet g (6.11)

MS . .
where 5; and 51 are the true and measured phase angle at bus i; ¢, is the measurement error of

the phase angle.

The phase measurement of the voltage at the i bus is:

~ ~MS

Vi=V; +g‘; (6.12)

—~ ~ ~MS
where (¢) represents the complex value; V', and V,; are the true and measured voltage; S5 is

the complex voltage phasor measurement error, which can be further expressed as:
i, ;
5;=¢" (5, +is, V) (6.13)

PMU s can directly measure the branch current phasor:

~AMS

I e, =((v,/2)+ (y2,))v. +(-(/2,))v) (6.14)

where [; is the measured current; YU and Zi]. are the admittance and impedance of feeders; S

ij

is the complex current phasor measurement error, which can be further expressed as:
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where I, and 0, are the current magnitude and phasor angle.

Even though there is an increased monitoring capability in the distribution system, widespread
monitoring is not available in the short term. In this case, DNO will generate pseudo-measurements of
the active and reactive power injection from the actual measurements. The pseudo-measurements are

generated from the actual measurements of voltage magnitude and voltage angle based on big data

analysis of the system states through regressing the linear relationship between [P,Q] and [V,§],

ol e el 019
Q AZI Al22 6 CZ

where 4 and C are the regression matrix and bias vector.

shown as (6.16).

First, the historical and generated load profiles for the targeted network are entered into the simulation
platform to calculate the power flow and nodal voltage. With numerous times of simulations, a specific

electricity network operation library can be built. Then, Bayesian regression is utilized to regress the

relationship between [P,Q] and [V,§]. The detailed model can be referred to [207].

In the real-time estimation, when the actual measurements of voltage magnitude and voltage angle are
obtained, the pseudo-measurements can be calculated according to equation (6.16). After obtaining the
actual and pseudo-measurements, DNO will figure out the state estimation by correcting the value of the
actual and the pseudo-measurements based on the weighted total least squares (WTLS) problem [208],
which can be formulated as:

(6.17)

Y=AX+Cl’ (6.18)
where Y:[P,Q]T; X:[V,5]T; @ is the estimated value.
The expression ||.||22,‘ represents the weighted matrix norm. For a given matrix M , the weighted
matrix norm is:

||M||Zz o= vec(M)T Zflvec(M) (6.19)

. . . -1
where vec(-) represents the operation that reshapes a matrix into a vector; z represents the
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covariance matrix.
6.4.2  State Estimation based on the Proposed SC-GAIN

When there is a decrease in the number of PMUs, indicating fewer actual measurement data, the state
estimation error based on the WTLS estimator will increase [203], and the pseudo-measurement obtained
from equation (6.16) is unreliable. Therefore, we proposed a Generative Adversarial Network (GAN)-
based approach to impute the missing data.
6.4.2.1 Conventional GAN-based learning structure

The GAN is a kind of unsupervised learning algorithm that can generate data with a realistic feature
and has been gradually utilized in power system problems in recent years [209, 210]. The structure of
GAN is shown in Fig. 6-2. It consists of two deep neural networks: Generator (G) and Discriminator (D)
[211]. The input of the generator is a series of random numbers, and the output is the data that follows
the real distribution. The input of the discriminator contains the real historical data (true) and the data
generated by the generator (false). The task of the discriminator is to distinguish these two kinds of data,
and hence the output of the discriminator is a scalar (0/1). The two networks are trained at the same time
and form a zero-sum game framework. Through the training, GAN will reach an equilibrium the
discriminator can no longer pick out the generated data, indicating that the generated data follow the real
distribution.

Generator: Denote the input of the generator as a vector 2z under a prior distribution z~p-(z). Denote

the true sampling distribution of the states of the power system as p,. The objective of the generator is to

learn a function G (z;HG) following distribution p, that is as close to p, as possible. Therefore, the

value function of the generator can be formulated as (6.20).
Discriminator: Denote a multilayer perceptron D (a:; HD) that outputs a scalar. The outputted scalar
indicates the probability that data x is sampling from p, rather than being generated. The objective of the

discriminator is to maximize the probability of the correct label between the real data E[D(x)] and the

generated data E[D(G(z))], shown as (6.21).
maxV (D,G) = max {Emm [10g(D (G (z))):|} (6.20)

Ex~Pr(x) [log D(x):|

+E, b [IOg(l - D(G(z)))}

6.21)

max V' (D, G) = max
D D
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Equation (6.20) can be transformed to equation (6.22) as:
mGin V(D,G)= mGin {Ez~[’z(z) [log (1 -D (G (z)))}} (6.22)

When combining (6.21) and (6.22), the Nash equilibrium of the two-player iterative mini-max game

can be found through solving (6.23).

EX~Pr(x) [log D(x):l

+E._p iy [ log(1-D(G(2)))]

(6.23)

min max V' (G, D) = min max
G D G D

Fig. 6-2. Conventional GAN-based learning structure.

6.4.2.2 Proposed SC-GAIN for state estimation with missing data

Based on the specific characteristic of the power system, we proposed an SC-GAIN learning structure
for the state estimation with missing data shown in Fig. 6-3. The SC-GAIN, whose full name is Semi-
supervised Coupled Generative Adversarial Imputation Network, is a learning structure to impute the
missing data based on the adversarial framework [212]. To make the learning structure better adapt to
the electrical context, a coupled network is designed for the data in different domains so that the joint
distribution of the voltage magnitude, phase angle, and branch current can be learned. Besides, the
discriminator will judge whether the outputted data belongs to the phase-angle, voltage, current, or fake,
indicating a semi-supervised learning process. The detailed design of SC-GAIN will be illustrated in the
following parts.

To impute the missing data, the mask vector M=[M;,M.>,...M,] is designed. The mask vector has the
same dimension as the original data. If the elements in the original data are unobserved, mark the
elements in the mask vector at the corresponding places as 0. Our aim is to impute the unobserved data
whose masks equal 0.

The missing data of the PMUs include three domains, i.e., phase-angle, voltage, and branch current.

119



In power systems, these three domains have interconnections and are correlated. Combining the unique
characteristics of the data in power systems, we aim to learn a joint distribution of the data in three
different domains. Therefore, the true characteristics of the electric states in power systems are expected
to be learned. Hence, we propose a coupled generative adversarial imputation network (C-GAIN)
structure consisting of three coupled networks, i.e., GAINa, GAINy, and GAIN;. Each network is
responsible for imputing the missing data in its individual domain. Three networks are coupled by sharing
the common weights, shown in Fig. 6-3. According to [213], the first layer of the network appears not to
extract the features of a specific task but general in that they are applicable to many tasks. Features must
eventually transit from general to specific by the last layer of the network. Therefore, the common
features of the three domains can be learned in the proposed coupled network with sharing weight
parameters. This specific design builds bridges between three independent tasks to enhance the learning
performance, which can effectively prevent the circumstance that one task faces overfitting while the

other faces underfitting.
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Fig. 6-3. Proposed SC-GAIN learning structure.

The input of the generator in the proposed network is the measured data, with unobserved data
excluded from the original data in all domains. The input data is passed to the generators to impute the
missing data. The generators have three convolutional layers, which share the common weight as hidden
layers and one fully connected layer with unique weights as the output layer. The imputed values are
recovered to the original data sequence according to the mask vector and then sent to the discriminators
to see whether the imputation can cheat the discriminators. Each discriminator also has three

convolutional layers and one fully connected layer. A zero-filling operation is conducted to ensure that
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the three networks are homogeneous. The layers which share the common weight are actually merged
into one channel. The whole propagation process can be summarized as follow: first, the input data in
three domains are first spliced into one vector. Then, the input data pass through the first three
convolutional layers. After that, the network is branched into three channels, each corresponding to
different output layers. The raining/propagation process of the discriminator is similar. Therefore, the
training of the SC-GAIN is the same as a normal multi-channel neural network.

The discriminator in a normal GAN outputs a probability that the data is imputed. In order to generate
higher quality data, the GAN is extended to a semi-supervised context by forcing the discriminator to
output the class label of the data. In other words, the discriminator should judge whether the outputted
data belongs to the phase-angle, voltage, current, or fake.

The proposed SC-GAIN is trained according to the following value function:

min max V(G,,G,,G,,D,,D,,D,)=

G,G,G, D,D,D,

ZE ~Pr(x) |:CZ::.VX,L- logD(X)} + ZEZ~PZ(Z) [log(l—D(G(Z)))}

(6.24)

where c is the class of the label (1: phase angle; 2: voltage; 3: current; 4: fake); y, . is the indicator (0

or 1). If the label is the same as the class of x, it equals 1; G,,G,,G, and D,,D,,D, are the
generators and discriminators of the three domains marked in Fig. 6-3. It should be noted that G 1is the

collective name of G,;,G,,,G, , while D is the collective name of D,,D,,D,.

6.4.3 Proposed Sensitivity Function Analysis Method
6.4.3.1 Network sensitivity function

In the real application, the DR aggregators do not have access to the network data, and they cannot
solve the OPF problem to realize the operating envelope. However, it has been proved that the network

sensitivity factor can provide quantified variation in the network variables due to the change in the power
consumption in different types of network topologies. Denoting the network variable as &, , the

operating envelope of the DR aggregators can be formulated in the form of (6.25) (linear form for
voltage, active power, and reactive power; quadratic form for complex power and current).

i 2 2) max
g <eg, ng“"’“,(git) < g()

7 7

(6.25)

(2) max

where & and & are the minimum and maximum state magnitude; &, is the maximum

121



quadratic limit of the state.

In [75], linear regression is utilized to regress the sensitivity factor shown as:

£, =cu+0 AP & = i+ 0PAQ,, (6.26)

it it?

P o . . .
where O; and OZ,Q are the sensitivity factor, &it is the estimated state variables from the DNO.

Actual changes of voltage

006 | = Sensitivity factor regression

004 | ——— Linearized formulation of sensitivity
function |

oS
=3
o

-100 -80 -60 -40 -20 0 20 40 60 80 100
AP, (KWh)

Fig. 6-4. Sensitivity function and sensitivity factor.

However, shown in Fig. 6-4, the accuracy of using linear regression to model the nonlinear problem
is questioned. Therefore, in this chapter, we proposed a more accurate model. A sensitivity function is

learned based on the big-data analysis shown as:

i = ‘;‘\’ + giP (APi,f,)’gi,t = ‘;” + ng (AQm> (6.27)
where gip* (AP”) and g?’ (AQH) are the sensitivity functions.

The theoretical analysis of the sensitivity function is explained in the Appendix.
6.4.3.2 Learning of the sensitivity functions

In this chapter, the sensitivity functions are learned based on a convolutional neural network (CNN).
The proposed network structure is shown in Fig. 6-5. There are two channels. In Channel 1, the input
data is the changes in the active or reactive power, and it consists of three dense layers. In Channel 2, the
input data is the estimated state variables of the distribution network, and it consists of two convolutional
layers and one dense layer. Two channels are then connected through a fully connected layer to map the

outputs to the changes of the state variables.
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Fig. 6-5. Double-channel learning structure for sensitivity function.

The convolution layer shows good capability in feature extraction. Firstly, the features from the

previous layer will be convolved by the learnable kernels. The procedure can be described as:

Y, = () X @K +b)) (6.28)

ieM,;
where y', is the output of the J™ map in the /" layer; x/"'is the input of the i map in layer /-1; M; is the
set of the input maps; ® denotes the convolutional operation; k! represents the weight of the filter of

the corresponding convolutional layer and 5] is the bias, respectively.

Before being passed to the next layer, the output of the convolution layer needs to be activated. In this

chapter, the sigmoid function is utilized as an activation function, shown as:
sig(x)=1/(1+e™) (6.29)

The dense layers or fully connected layers are expressed as:

y' =K'x""' +b' (6.30)
where K' is the weight from layer /-1 to layer /; and b’ is the additive bias.
The Mean Squared Error (MSE) loss function is defined as:
~ 2 2
L= (e, -eu) +[H; (6.31)
where ¢,, is the value of the label.

After the sensitivity function g1_P (AP) and g? (AQ) are learned, the combined effect of the changes

of active and reactive power on the state estimation can be further expressed in (6.32) and (6.33).

g, =eu+g’ (AP, )+ g7 (AQ,) (6.32)

(6, ) = (00 0" (AR, )+ 6% (a0,,)) (6.33)

In the conventional model, such as [199], the DR aggregator is assumed to master all the system
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information, so constraints (6.4)-(6.10) are considered in the optimization model. However, in reality,
the DR aggregators do not have the capability to solve the optimization problem with constraints (6.4)-
(6.10) embedded. So, the electricity network constraints (6.4)-(6.10) are not utilized in the proposed
method of this chapter. Meanwhile, we proposed a novel DR framework based on the sensitivity
functions. Then, constraints (6.4)-(6.10) are substituted by (6.32) and (6.33) in our proposed method.
6.5 Day-ahead and Real-time Demand Response with Operating Envelope based on
Sensitivity Function

According to the proposed framework in Fig. 6-1, DR scheduling is a two-stage optimization problem.
In the day-ahead scheduling, the DNO first predicts the network variables, such as the power injections,
and produces the sensitivity functions. Then, the DR aggregators schedule the controllable resources
based on the received sensitivity functions. At real-time scheduling, the DNO conducts the real-time
state estimation introduced in section 6.4.1 and produces the sensitivity functions. Based on the received
sensitivity functions and the day-ahead scheduling result, the DR aggregator will adjust the operation of
the controllable resources.
6.5.1 Day-ahead Scheduling Stage

The model of day-ahead scheduling is similar to the conventional DR scheduling strategy in section
6.2. The objective function is (6.1), and the operational constraints of the devices are (6.51)-(6.64) in
the Appendix. However, the difference is that the DR aggregator is not authorized to access the
information of network variables, and it does not have the capability to solve the operating envelope
constraints (6.4)-(6.10). Therefore, the operating envelope will be imposed based on the sensitivity
functions.

As mentioned, the power injection at each bus is predicted the day ahead to produce the sensitivity

functions. Then, AP, and AQ” can be calculated as:

AP _ PTot ;)?”j A _ ot ~inj
w=h —Pu,AQ =G -0, (6.34)

it
~inj

where P, and Q :7 are the predicted value of the active and reactive power consumption of the DR

aggregator.

Hence, based on the received representative information, including the predicted system states ;,

and the sensitivity functions gzp (APl t) and gf (A Q”) related to the connection point of the DR
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aggregators, the operating envelope constraints can be expressed as:

g, =cu+g/ (AR,)+2?(AQ,,) (6.35)
(5.,) = (50 + 0 (aP,) 4 0% (a0,)) (6.36)
g <g, < g;““,(givt )2 < 552)"“ (6.37)

where ;, is the system variable predicted by the DNO in the day ahead.
6.5.2 Real-time Scheduling Stage

During the real-time control, there is a deviation in the predictive information, resulting in changes in
DR schedules. The real-time operation problem of the aggregator can be solved by solving the objective

function (6.38), where the decision variables are the active and reactive power adjustment AP, and

AQ, -

min Z(/@P (Pi?t h APm ) At + ﬂ“tQ (fow B AQI?J ) At)

@Y |ap [+Y a0, (6.38)

where o and [ are the penalty coefficients.
Similar to day-ahead scheduling, the active and reactive power adjustment of the controllable load can

be further decomposed as equations (6.39)-(6.40):

AB, — AB:S;L +AB§SS,CH _ABfSS,DS +AB§[VAC _AR,I;V (639)

Also, the operation constraints (6.51)-(6.64) in the Appendix need to be satisfied.
The changes in the DR schedule may result in infeasibility. Therefore, the real-time DR with operating
envelope should be solved based on the representative data sent by the DNO. The representative data

include the estimated states ¢,, (obtained in sections 6.4.1 and 6.4.2) and the sensitivity functions

g lp (APz , ) and gf (A Q, t) related to the connection point of the DR aggregators (obtained in section

6.4.3). The real-time operating envelope constraints can be expressed as:

£, =eutgl (aP,)+4?(2Q,) (6.41)

(6, ) = (00 + 0" (AP, ) 4 0% (aQ,,)) (6.42)

i 2 2) max
g™ <eg, ngm,(g”) < g{)

7 7

(6.43)
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6.5.3 Linearization of the Sensitivity Function

However, the learned sensitivity functions g]_P (AP) and g]_Q (AQ) are nonlinear due to the

convolutional layer and activation function. Hence, equations (6.35), (6.36), (6.41), and (6.42)
become nonlinear constraints, which bring an extra computing burden.

To ensure that the optimization problem can be solved efficiently, linear piecewise functions are
applied to approximate the learned sensitivity function shown in Fig. 6-4. The linear piecewise functions
can be expressed as:

h(AP,) = adP, +bi,AP, €[ 3,2, ] (6.44)
C(A Qm) = &,,LAQM + b AQ,, € [xm,zmﬂJ (6.45)

where h(AR 1) and c(AQL t) are the piecewise approximation function.

Then, constraint (6.41) can be converted to the mixed-integer linear constraints by introducing

variables w  and > shownas (6.46)-(6.50).

AP, = iwkxk (6.46)
k=1
K
h(ap,)= kz w,h(AP,) (6.47)
=1
w Sz, <242, w, <2 42w, S 2 (6.48)
jfzk = 1,iwk =1 (6.49)
k=1 k=1
2, € {O, 1},wk € [OJJ (6.50)

6.5.4 Whole Process of the Two-stage DR Scheduling

The whole process of the two-stage DR scheduling is presented in algorithm 6-1 steps. Algorithm 6-1
steps illustrate how day-ahead scheduling, real-time scheduling, state estimation, missing data imputation
based on SC-GAIN, and sensitivity functions are integrated and connected. The day-ahead scheduling is
conducted first to schedule the controllable resources for the next day. Due to the error between the day-
ahead predictions and the real-time states of the network, the day-ahead scheduling may be infeasible
during operation. Consequently, the dispatch of the controllable resources will be adjusted in real-time
based on the up-to-date information. Both day-ahead and real-time scheduling contain the cooperation

and communications between the DNO and DR aggregator.
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Algorithm 6-1 steps: Two-stage DR scheduling

Day-ahead scheduling:
i. DNO predicts the network variables
ii. DNO produces the sensitivity function (section 6.4.3)
iii. DNO sends the regarding representative information
to the DR aggregator
iv. DR aggregator schedules controllable resources in day
ahead (section 6.5.1)
Real-time scheduling:
i. DNO collects the real-time measurements from PMU
ii. DNO imputes the missing value based on the SC-
GAIN (section 6.4.2)
iii. DNO realizes the state estimation (section 6.4.1)
iv. DNO produces the sensitivity function (section 6.4.3)
v. DNO sends the regarding representative information
to the DR aggregator
vi. DR aggregator adjusts the scheduling of the
controllable resources in real-time based on the
received representative information and the day-ahead

scheduling results (section 6.5.2)

6.6 Case Studies
6.6.1 Experiment Setting

The proposed framework and methodology are verified on the IEEE 33-bus system. In case studies,
two different scenarios are considered. In scenario one, the penetration of RES is relatively low, and the
voltage profile of the network before DR is given in Fig. 6-6. In scenario two, the penetration of RES is
relatively high, so the inverse current occurs in the network, and the voltage profile is given in Fig. 6-7.
In both scenarios, the network suffers from voltage and thermal problems. In the simulation, we focus
on the DR aggregator located at bus 18, which is a sensitive descendant bus. In order to show the
scalability of the proposed framework and methodology, the simulation is also conducted on the IEEE

123-bus system.
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Fig. 6-6. Voltage profile of IEEE 33-bus system (scenario one).
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Fig. 6-7. Voltage profile of IEEE 33-bus system (scenario two).

TABLE 6-1. NETWORK STRUCTURE AND PARAMETERS OF SC-GAIN

Generator
Layer Index Channel 1 Channel 2 Channel 3
1 Input: 33*1 Input: 33*1 Input: 33*1
2 Convolution: 3*1,64, ReLu
3 Convolution: 3*1,128, ReLu
4 Convolution: 1¥1,256 ReLu
5 FC: 33, Linear | FC: 33, Linear | FC: 33, Linear
Discriminator
Layer Index Channel 1 Channel 2 Channel 3
1 Input: 33*1 Input: 33*1 Input: 33*1
2 Convolution: 3*1,64, ReLu
3 Convolution: 3*1,128, ReLu
4 Convolution: 1*1,256, ReLu
5 FC: 4, Linear FC: 4, Linear FC: 4, Linear
6 Softmax Softmax Softmax

TABLE 6-2. NETWORK STRUCTURE AND PARAMETERS OF THE NEURAL NETWORK FOR THE LEARNING OF THE SENSITIVITY

FUNCTIONS
Layer Index Channel 1 Channel 2
1 Input: 1*1 Input: 99*1
2 FC: 32, ReLu Convolution: 5*1,64, ReLu
3 FC: 64, ReLu | Convolution: 3*1,128, ReLu
4 FC: 128, ReLu | Convolution: 2¥1,256, ReLu
5 / FC: 128, Linear
6 FC: 128, Linear
7 FC: 99, Linear

6.6.2  State Estimation based on SC-GAIN

In the proposed framework, the DNO first estimates the states of the system in real-time based on the
proposed SC-GAIN. Four cases are established in this section:

Case 1: The state estimation at Bus 13 in scenario one (low RES penetration).

Case 2: The state estimation at Bus 18 in scenario one.

Case 3: The state estimation at Bus 13 in scenario two (high RES penetration) considering a sudden
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drop of PV output.

Case 4: The state estimation at Bus 18 in scenario two (high RES penetration) considering a sudden

drop of PV output.
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Fig. 6-8. Voltage magnitude estimation result of Case 1.
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Fig. 6-9. Voltage magnitude estimation result of Case 2.
102
- Lols —True === WTLS SC-GAIN
a 1.01
2 1005
& 1 s
E .3
2 0,995 ;!
i 0.99 ~ 4 b A [
o g i
& O 1 L s o O
o 7
= 0.983 k\,;/ »\,.”,,x/ e
~ pos - 7
0.975 I T S (N S S S SN (N N N (N W

60 66 72 78 B4 G0 Y6

Sampling step

Fig. 6-10. Voltage magnitude estimation result of Case 3.
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Voltage magnitude estimation result of Case 4.

We first compare the state estimation result between the SC-GAIN algorithm and the WTLS estimator
utilized in ref.[202] in terms of voltage magnitude. As for measurement, the PMUs are lost at buses 5, 9,
15, 18, 21, 25, and 30. In Case 1, shown in Fig. 6-8, both the WTLS estimator and SC-GAIN show
relatively good estimation performance at bus 13, where there is a PMU measuring the voltage magnitude.

In Case 2, shown in Fig. 6-9, there is a loss of PMU at bus 18, and the WTLS estimator shows bad
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performance under incomplete information, but the proposed SC-GAIN can better deal with the missing
data through data imputation. This is because when there are outliers (missing values), the squared error
will be largely affected in (6.17) in the conventional WTLS method. However, in the proposed SC-
GAIN, missing data are imputed, which largely reduces the squared error.

In Cases 3 and 4, we consider a sudden drop of PV output under the situation of high penetration of
RES so that the outliers occur. It can be observed that the WTLS estimator and SC-GAIN algorithm have
similar estimation accuracy under normal operation in Case 3, shown in Fig. 6-10. However, the WTLS
estimator is vulnerable to outliers, while the SC-GAIN algorithm can bound the influence of a sudden
change of the system states. In Case 4, it can be found that the SC-GAIN algorithm can better deal with
the missing information and the outliers concurrently, as shown in Fig. 6-11. This is because the designed
coupled network structure helps the estimator learn the joint distribution of the phase angle, voltage
magnitude, and current, which can better reveal the true characteristics of the electric states in power

systems.
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Fig. 6-12. State estimation error under the different numbers of missing PMUs on the IEEE 33-bus system.

In Fig. 6-12, we further compare the influence of the number of missing PMUSs on the state estimation
under four different methods, i.e., the proposed SC-GAIN, WTLS estimator [28], artificial neural
network (ANN)-based estimation [203], and GAN-based estimation [204]. In Fig. 6-12, the Root Mean
Squared Error (RMSE) of different measurements is provided. It can be concluded that the proposed SC-
GAIN is the most robust method in all estimations with the increasing of the missing number of PMUs,
followed by GAN, ANN, and WTLS.

To further show the scalability of the proposed method, these four methods are verified on the IEEE
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123-bus system. Similar findings can be concluded, shown in Fig. 6-13. With the continuous increase of
the missing number of PMUs, the RMSE of the WTLS estimator increases dramatically. As for ANN,
the RMSE increases steadily first and rockets when the missing number of PMUs becomes large. The

RMSE of GAN goes steadily up while the RMSE of SC-GAIN always remains at a relatively low level.
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Fig. 6-13. State estimation error under the different numbers of missing PMUs on the IEEE 123-bus system.

6.6.3 DR of the Aggregator with Operating Envelope based on the Sensitivity Functions

Based on the accurate estimation of the system states, sensitivity functions can be learned based on
CNN. In order to verify the effect of the learned sensitivity functions and the proposed DR with the
operating envelope framework, three cases are established.

Case 1: DR neglecting the network constraints.

Case 2: DR with operating envelope based on sensitivity factor [75].

Case 3: DR with operating envelope based on the learned sensitivity functions.

Case 4: DR with physical network constraints (assume that the DR aggregator masters all the network
information).

Figs. 6-14 to 6-17 show the real-time dispatch result of the controllable loads and smart inverters by
the DR aggregators under four cases. Obviously, without considering the network constraints, the
extremely high peak load occurs in Fig. 6-14. The voltage and current profiles of the three cases are
shown in Figs. 6-18 and 6-19. The peak load will cause the violation of voltage and current, which is
infeasible. In Case 1, the lowest nodal voltage reaches 0.935 p.u., and the highest branch current reaches

around 170 A, which is 1.7 times the maximum capacity. The severe overloading is a risk for the network
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assets and power quality. The result is not surprising since merely relying on the DR price signals will
overestimate the true DR potential, which results in infeasibility in real-time dispatch.

In Case 2, the peak load is reduced in Fig. 6-15, and the nodal voltage and branch current violation
problem is improved compared with Case 1, shown in Figs. 6-18 and 6-19. However, the violation still
happens occasionally because of the inaccurate estimation of the sensitivity factor. The main reason is
that the sensitivity factor can partially reflect the change of system states but still sacrifices certain
accuracy. Hence, in Case 2, the DR capacity is also over-estimated, which may result in infeasibility.

In Case 3, the shiftable load is distributed more evenly than the previous two cases in Fig. 6-16, and
the voltage and current violations are avoided in Figs. 6-18 and 6-19. The proposed methodology is
effective to realize the DR with the operating envelope. It indicates that the sensitivity function is more

accurate in estimating the changes in system states than the sensitivity factor.
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Fig. 6-14. Real-time DR operation in Case 1.
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Fig. 6-15. Real-time DR operation in Case 2.
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Fig. 6-16. Real-time DR operation in Case 3.
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Fig. 6-17. Real-time DR operation in Case 4.

In Case 4, the DR aggregator is assumed to master all the network information, and the power flow is
solved as constraints in the optimization problem. Also, the voltage and current profiles of Case 4 are
within limits in Figs. 6-18 and 6-19. Compared Fig. 6-16 with Fig. 6-17, it can be found that the
scheduling results of the two cases are very close. It indicates that the learned sensitivity functions can
reflect the real status of the network, but the proposed methodology only requires limited information
exchange.
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Fig. 6-18. Voltage profile of different cases.
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Fig. 6-19. Current profile of different cases.

TABLE 6-3. NETWORK CONSTRAINTS VIOLATION UNDER DIFFERENT STATE ESTIMATION METHODS ON IEEE 33-BUS SYSTEM

Slight Violation Severe Violation
Frequency (%) Frequency (%)
Number of
2 5 7 2 5 7
Missing PMUs
SC-GAIN 0 0.03 0.12 0 0 0
WTLS 091 2.12 10.41 0.13 1.23 327
ANN 0.06 1.12 5.26 0 0.35 241
GAN 0 0.15 245 0 0 1.14

TABLE 6-3 further investigates the influence of the state estimation methods on the performance of
the learned sensitivity functions. We define the voltage below 0.94 p.u. as a severe violation and the
voltage between 0.95 p.u. and 0.94 p.u. as a slight violation. For the current, we define the current above
1.2 times the maximum capacity as a severe violation and below 1.2 times the maximum capacity as a
slight violation. Combined with the result in Fig. 6-12, we can conclude that a more accurate and robust
estimation method will result in better performance of the learned sensitivity functions. The proposed
SC-GAIN is robust in dealing with missing data, and the frequency of severe violation is always 0 in
TABLE 6-3. When there are 7 missing PMUs in the network, the slight violation frequency is only 0.12%,

much smaller than that of WTLS (10.41%), ANN (5.26%), and GAN (2.45%).

TABLE 6-4. NETWORK CONSTRAINTS VIOLATION UNDER DIFFERENT STATE ESTIMATION METHODS ON IEEE 123-BUS SYSTEM

Slight Violation Severe Violation
Frequency (%) Frequency (%)
Number of
10 20 40 10 20 40
Missing PMUs
SC-GAIN 0.02 0.25 1.25 0 0.05 0.76
WTLS 1.24 6.36 12.63 0.74 225 5.23
ANN 0.12 2.15 6.12 0.01 0.55 3.02
GAN 0.03 1.05 1.95 0.21 0.53 1.84

To improve the scalability of the proposed method and framework, we further verify our findings on

the IEEE 123-bus system, shown in TABLE 6-4. When the missing number of the PMUs increases from
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10 to 40, the slight violation based on the WTLS estimator increases from 1.24% to 12.63%, and the
severe violation increases from 0.74% to 5.23%. But for the proposed SC-GAIN, the slight violation
only increases from 0.02% to 1.25%, and the severe violation increases from 0% to 0.76%. Its
performance is obviously better than the other three methods.

6.7 Challenges and Future Work

One of the challenges of this work is the generalization capability of the proposed data-driven models,
including SC-GAIN for missing data imputation and the learning of the sensitivity functions. The
demand level and the capacity of the renewable energy generator will continuously increase annually.
Whether the currently trained model can adapt to future power system environments is challenging. One
method to enhance the generalization capability is to add both the historical and generated data to the
dataset according to the method in [214]. First, the future load is first predicted based on the long-term
forecasting technologies presented in the literature [215]. Then, Gaussian noise is added to the predicted
load level. Different scenarios are created for the possible allocation of the renewable energy generators
in the future, and Monte Carlo simulations will run to decide the output of the renewable energy
generation at each bus. The uncertain demand and renewable energy generation compose the generated
data set. Both historical data and the generated data are fed for training. In this way, the trained model
can perform well under different demand levels and generation mixes. In future work, an online learning
process can be further developed to revise the trained model timely so that the trained model can adapt
to the time-varying electricity network.

The second critical challenge is that the typology of the distribution network may change due to
network expansion. When the typology of the network changes, the data-driven model needs to be re-
trained since the dimension of the problem may change. However, owing to the development of
heterogeneous transfer learning, a new model can be trained rapidly, and the methodology to extend the
current model to the different network topology is considered for our future work.

6.8 Conclusion

In this chapter, a DR aggregation with the operating envelope framework is presented. In the proposed
framework, the DR aggregators can use the limited representative signals sent by the DNO to realize the
real-time dispatch of the controllable loads. The representative signals include the estimated states based

on the proposed SC-GAIN algorithm and the learned sensitivity functions based on the data-driven
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methodology. The proposed framework and methodologies are verified on the IEEE 33-bus system and
IEEE 123-bus system. The simulation results show that, compared with the other state-of-art works, the
proposed SC-GAIN algorithm can better deal with the missing data and sudden change of the network
states in state estimation. Based on the learned sensitivity functions, the DR aggregators can realize the
real-time DR considering the network constraints. Besides, the dispatch result of the proposed method is
very close to the result directly considering the physical constraints in optimization. It indicates that the
learned sensitivity functions can reflect the real status of the network, and the proposed methodology
only requires limited information exchange. It is also found that a robust state estimation method can
help DR aggregators better estimate the DR capacity by using sensitivity functions. Therefore, with the
proposed state estimation method, the network constraint violation is less likely to occur.
6.9 Appendix
6.9.1 Device Operating Constraints
6.9.1.1 DGs with smart inverters

The DGs can generate and absorb reactive power when equipped with smart inverters. The constraints

of the inverter-based DGs can be expressed as:

‘Q.:tvmx < (S.?Grmax )2 B P.aiv (6.51)

PV max PV PV max
Q" <Q, <Q, (6.52)

PV max

where Sfc’max is the maximum capacity of the smart inverters of the DGs; @,

is the maximum
reactive power generation of the DGs.
6.9.1.2 BESS with smart inverters

Equation (6.53) describes the energy balance constraints of the BESS. Equations (6.54) and (6.55)

describe the limit of the energy storage state and charging/discharging power. Equations (6.56) and

(6.57) describe the reactive power capacity of the smart inverters.

Efffl — EJETSS +P].§SS’CH77CA1§ _fﬁSS,DSAt/ﬂD (653)
B < B < B (6.54)

0< PﬁSS,CH/DS < ]3j§SS,RT (6.55)
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_QESS,Imlx < QESS < Q‘ESS-,UWX (657)

Jit Jit Jit

where Eﬁs 5 is the energy storage state of the BESS; ¢ and p” are the charging and discharging
. ESS min ESS,max .. .
efficiency of the BESS; Ej. and Ej are the minimum and maximum energy storage state

is the

of the BESS; PﬁSS’RT is the maximum charging and discharging rate of the BESS; sts,max

[ESS, max

maximum capacity of smart inverters of the BESS; Qj‘ )

is the maximum reactive power generation

of the BESS.
6.9.1.3 HVAC

For the HVAC units, the total aggregated active and reactive power consumption can be calculated by
summing up the power of each HVAC unit shown as (6.58). Equation (6.59) describes the reactive
power consumption of the HVAC units. The relationship between the indoor temperature and the power
of the HVAC units is modeled based on the thermodynamic behavior [216] shown as (6.60). In order to
ensure the comfort of the residents, the indoor temperature should be maintained within a specific range

shown as (6.61). The aggregation method of the HVAC units can be further referred to [194].

HVAC HVAC HVAC HVAC

P;.t = Z Phﬁt 7Qj.t = Z Qh,t (658)

hEQHVAC hEQHVAC
Qlfi‘/AC _ Ph],jva(Y tan (cosfl (pf;f.lvaC )) (6.59)
TIZ;H = Thi.nteil/R/C' + (Tf,am - RILPIII.?/,ACAt)(l —e M ) (6.60)

ref in ref
1-;1 - 6;1 S T;m,t S ];7 + é‘h (661)
HVAC HVAC,RT

0< B <P (6.62)

HVAC . .
and @ are the active and reactive power

where Q" is the set of HVAC units; PZVAC -

h

HVAC

consumption of the A" HVAC; pf,’,

is the power factor of the HVAC; fl;"; and 7" are the

indoor and ambient temperature; R i is the thermal resistance; ¢ i is the heat ratio of the air; Th”"f

is the reference temperature; 5, is the maximum acceptable temperature deviation; p/"* " is the

maximum power of the HVAC.
HVAC units have very complicated mechanisms and multiple components, and the power factor in

(6.59) is not a constant value. However, to simplify the problem in an energy dispatch problem, we
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consider the average power factor of the HVAC units. Such simplification and assumption are common
in the energy dispatch problem in electricity market operations [217].
6.9.1.4 Shiftable load

For the shiftable load, it should ensure that the total daily demand is satisfied, shown as:

Q" = pft . p* (6.63)

Jit Jit Jit

S, SL,
Z Pf,L = pj L.D (6.64)

t

where pf5" is the power factor of the shiftable load; PjSL"D is the total active power demand.

6.9.2  Basic Theoretic Analysis of the Sensitivity Function

Using sensitivity analysis to estimate the state changes in the electricity network has its basic theory.
Take the voltage as an example. Sensitivity data is readily obtained from the inverse of the standard
Jacobian matrix used for the calculation of network bus voltages under the Newton-Raphson load-flow
technique. The updated formula of the power system stated in the Newton-Raphson load-flow technique

is given by:

T

(6.65)
=J'[AR, .. AP, AQ, .. AQ,]

Once the power flow is converged, the Jacobian specifies the partial derivatives (i.e., sensitivities) of

Py and Oy with respect to |V,| and &, as a function of the current system state. The Jacobian

matrix can be expressed as:

oP, LA op, |
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NUR 3,
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2 n 2 n
y= (6.66)
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Combining the equation above, an incremental change in voltage can be yielded according to [218] as:

oy | oy | J
AV, | = AP, + < AQ (6.67)
4 ;{a& foo, T
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where A |VY| is the change in voltage magnitude at bus ¥, AP, and AQ, are the changesin P and Q

atbus X; o|v,|/oP, and 0|V,|/00, are the voltage sensitivities to active power and reactive power

changes.

The equation above is similar to our general formula based on sensitivity function, shown in (6.32).

The difference is that we utilized the proposed sensitivity function glp () and gy.Q () based on data-

driven analysis rather than the sensitivity factors 6|V, | /0P, and 08|V, |/060Q, . The proposed method can

better reflect the nonlinearity of the power system equations, which is more accurate.
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7. PRICING FOR ELECTRIC VEHICLE CHARGING STATIONS BASED

ON THE RESPONSIVENESS OF DEMAND

EVs have the promising potential to be effective in mitigating greenhouse gas emissions in the
transportation sector. Hence, the penetration of EVs in some countries has experienced steady growth.
However, the proliferation of EVs can cause negative impacts on the PDN and the TN. Thus, in this
chapter, a dynamic pricing strategy for EVCSs is proposed to facilitate EVCSs to earn higher profits
while alleviating the potential negative impacts on both PDN and TN. First, a pricing strategy,
considering the competition effect established based on the TN, is formulated to facilitate the EVCS to
attract the defined competitive charging demand. Second, a two-step approach is proposed to
mathematically formulate the responsiveness of demand towards the charging price. Third, EV user
behaviors are incorporated based on both an admission control scheme and a queueing model to further
adjust the charging demand. We have conducted simulations to verify the effectiveness of the pricing
strategy in a PDN and TN coupled system, which contains approximately 2000 EVs. Results show that
the proposed pricing strategy can facilitate the EVCS to gain 14.2% more net charging profit on average
compared with the other three cases. Moreover, the operational stability of the EVCS can be ensured
because the proposed pricing strategy can result in the least queueing length volatility with moderate
profit variance compared with the other three cases. Furthermore, the proposed pricing strategy can
achieve spatial load shifting by incentivizing EVs to alter their station-selection decisions to avoid
possible power congestion in the electricity network.
7.1 Introduction

EVs are believed to have the promising potential to reduce greenhouse gas emissions and urban air
pollution if EVs are charged with renewable energy [41, 42]. As a result, EVs are burgeoning to gradually
replace gasoline-based vehicles (GVs) [43]. Under this context, the synergistic effect of PDNs and TNs
has become an emerging topic to discuss [44, 45]. To be specific, the growth of EVs will increase the
EV traffic flow in TN. Then, the increasing EV traffic flow will increase the charging demand at the
EVCSs, and the increased charging demand at EVCSs will further affect the operation of PDN. To this
end, the increasing penetration of EVs can pose a potential impact on the security and stability of the
PDN [44]. Additionally, the substitution of GVs with EVs might induce two types of potential risks for

TN [45]. First, EVCSs are usually constructed on prosperous roads to obtain more traffic capture, but the
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attraction of the additional EV flow will worsen the traffic condition. Second, the charging behavior of
EV users might cause long queueing lengths within certain EVCSs. Hence, the EVCS plays an important
role in guiding EV users' charging selection decisions through pricing strategy to mitigate the above-
mentioned issues.

The pricing strategy of the EVCS is investigated in the literature. However, in some of the existing
references [119, 120], EVCSs simply applied the DLMP as the charging price. Although DLMP has the
advantage of stimulating EV loads to maintain the voltage, current, and power flow within acceptable
limits and alleviate the congestion of PDN, using the DLMP can only cover the marginal costs of EVCSs.
Thus, it fails to facilitate the EVCSs to gain higher profits. In practice, EVCSs are self-interested [121].
Hence, EVCSs can formulate their own pricing strategies to not only cover the cost of EVCSs but also
gain higher profit [121-125]. Some references not only aimed to maximize charging profit but also aimed
to enhance customer satisfaction or PDN stability via pricing strategy [126, 127]. Apart from increasing
charging profit, in some references, the pricing strategy could enhance the QoS at the EVCS [128-131].

However, there are still three issues that remain unaddressed in the existing literature. First, although
[124, 125] analyzed the competition among EVCSs based on a Stackelberg game model, the relationship
between the TN and the price competition is ignored. In practice, the competition among EVCSs is
established based on the TN. For example, when the EVCSs are close to each other, the competition
between them might become intense. On the contrary, when the EVCSs are far from each other, the
competition between them might become less intense. If two EVCSs are not related to each other in TN
through traffic flow, they do not have a competitive relationship. Hence, the competition model in the
literature, such as [124, 125], may overestimate the competition degree. Second, in some of the existing
literature [120, 132, 133], the pricing strategy of the EVCS is formulated based on the demand
responsiveness of individual EV users towards the charging price. For example, in [132], the pricing
strategy is formulated by solving each EV decision problem based on travel time and charge cost
minimization. Similarly, the pricing strategy of [133] utilized a congestion game to model the route-
selection and station-selection behavior of each EV to minimize the travel duration and energy
consumption costs. However, this type of pricing strategy formulated from the microscopic view of
individual EV users showing the response of EVs towards the charging price is problematic in two

aspects. First, the computational complexity of the pricing optimization of these references will increase
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significantly as the number of EVs increases. Despite using the clustering method, it might still be
computational complex to optimize the detailed EV charging behavior of each cluster. Second, it is
almost impossible for EVCSs to have access to real-time or future data related to traffic flow conditions,
SOC of individual EVs, and the traveling plan of individual EVs. Hence, the pricing strategy of [120,
132, 133] can only be applied to day-ahead pricing or long-term pricing where the energy price is pre-
determined using historical data. As a result, it is more computationally efficient to formulate a pricing
strategy for the EVCS from a more macroscopic view by considering the total demand responsiveness
towards the charging price. There are research articles modeling the pricing strategy of EVCSs from an
aggregated viewpoint by considering the aggregated charging demand, such as [121]. However, it is
assumed in [121] that the total charging demand was inelastic to the charging price, which is obviously
inappropriate. As an improvement, in [43], price elasticity was utilized to analyze the relationship
between the charging price and the total charging demand. However, it should be noted that the queueing
length at the EVCSs can also influence demand responsiveness. Therefore, the balance between charging
price, total charging demand, and queueing length needs to be further investigated. Third, the impact of
the queueing length on EV users' charging behaviors is not investigated [134]. EVs normally will need
to queue before connecting to a plug during peak charging periods. However, the EV may leave the
queue due to impatience when the queueing length is too long, which will reduce the QoS of the charging
station and the EV satisfaction. Hence, to increase the effectiveness of the formulated pricing strategy, it
is necessary to investigate the behaviors of EVs towards the queueing length.

Table 7-1 is added to summarize the pricing strategies in the literature as well as the proposed pricing
strategy from five main aspects, namely, the modeling of PDN, the modeling of TN, the competition
between EVCSs, the modeling of EV behaviors in station selection, routing, or charging process, and the
charging demand responsiveness towards the charging price. Noted that demand responsiveness towards
price means that the pricing strategy of EVCSs is formulated considering the demand responsiveness,
which is further classified into four sub-aspects, i.e., the aggregated demand response, the individual

demand response, the inelastic demand response, and the elastic demand response.
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TABLE 7-1. METHODS SUMMATION REGARDING THE PRICING STRATEGY

Competition Demand responsiveness towards charging price
PDN | TN between = Aggregated | Individual Inelastic Elastic
behaviors
EVCSs response response response response
131 - - - - v - - ol
6] N oA - - - - - -
171 N oA - - - - - -
(8] - - - - v - v -
[10] S - - - - - - -
[11] - - v - - - - -
[12] - - v - «/ - - \
[13] Voo - - V - - ol
[14] v - - Y - - - -
[19] VoA - - - N ] N
[20] N Y - Y - S - -
Proposed N Y S \ S - - v

Thus, in this chapter, we propose a dynamic pricing strategy for the EVCS to address the above-

mentioned research gaps. The main contributions of this chapter are as follows.

First, a dynamic pricing strategy, considering the competition relationship between EVCSs, is
proposed based on a coupled PDN and TN to maximize the net charging profit of the EVCS. Under
this pricing strategy, more charging demand can be attracted. Additionally, the proposed pricing
strategy can achieve spatial load shifting by incentivizing EV users to alter their station-selection
decision to avoid congestion of the electricity network. Numerical results show that the proposed
pricing strategy can facilitate the EVCS to gain 14.2% more net charging profit on average
compared with the fixed pricing strategy.

Second, a two-step approach is proposed to quantitatively formulate the total charging demand
responsiveness towards the charging price based on the optimally assigned traffic flow. With this
approach, the balance between the charging price, total charging demand, and the queueing length
can be obtained. To be noted, in this chapter, we consider the total demand response of EV users
from an aggregated viewpoint rather than considering the demand response of individual EV users.
Numerical results in this chapter indicate that although the profit variance of the proposed model is
slightly higher than that using a competitive pricing strategy, the queueing length volatility of the

proposed pricing strategy is lower. Thus, a balance between the QoS at the EVCS and the charging

143



profit can be obtained.
=  Third, combining both an admission control scheme and a queueing model, two types of EV user
behaviors are modeled to further adjust the charging demand, i.e., refuse-to-join and impatient-
leave. The modeling of these two types of EV behaviors can reflect the impact of queueing length
on the charging demand. Additionally, it can better model the real situation to form a proper pricing
strategy by considering EV behaviors.
7.2 EV Integrated Transportation System Modeling
7.2.1 Preliminaries
The original transportation system only analyzed the static traffic flow of GVs based on the User
Equilibrium model [219], which is a macroscopic method to assign traffic flow using the estimated
average traveling behavior of GVs. In this chapter, both GVs and EVs are considered. Thus, besides the
physical road link, where the traveling behavior is modeled, the concept of the virtual link, i.e., the
charging link, is introduced to model the queueing and charging behaviors of EVs at EVCSs [121]. As a
result, the original TN is extended.
7.2.2  Objective Function
In this chapter, the User equilibrium model is used to reduce the road impedance of the traffic flow
distribution of both GVs and EVs, shown as (7.1). Here, impedance is measured by the time spent on
the road, including the traveling time on physical road links, as well as the queueing and charging time
on charging links. The first term in (7.1) is the traveling time of both GV and EV users, which is based
on the Bureau of Public Roads function [121]. The second term is the time EV users spend at EVCSs for

queueing and charging, which is based on the Davidson function [121].

minZ[ [, (0)d9}+ > UO t (a)de} (7.1)

ac4 JeQ;

where a is the index of the link in the transportation network; A 1is the set of links in the

transportation system; x,, is the traffic flow on link @ at time #; ¢, is the traveling time on link a; j
is the index of the EVCS; Q is the set of EVCSs in the transportation system; x;, is the charging

flow (the number of EVs) at EVCS j attime #; ¢, is the queueing and charging time spent at EVCS ;.

The traveling time ¢, is further explained in equation (7.2) [121].
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where ¢’ is the free-flow travel time on link a without congestion; 4, is the traveling capacity of link

Additionally, the traffic flow of link a at time #zis [121]:

%0 =2 2 SRR AR X SRR (7.3)

rs BeBE rs BeB

where rs is the index of the origin-destination pair denoting trips; [ is the index of the available

path that GVs and EVs travel on; 7%« and y,° are the GV and EV flow on paths B, sye and

5y are the binary parameters indicating whether path f that GVs and EVs travel on will pass

through link a; ™% and B are the path sets for GVs and EVs, respectively.

The time spent at EVCS ¢, is shown in equation (7.4) [121].
t (xj’,)= £ x[l +Jx(xj,,/(19j —xj,,))},x” <9,,Vj (7.4)
where ¢} is the minimum time spent at EVCS j; J is the delay parameter; 9 is the service capacity

of EVCS /.

Additionally, the charging flow that passes EVCS jis [121]:

WD WA 7.5)

rs BeBe

where s is the binary parameter indicating whether path S will pass through EVCS ;.

7.2.3  Constraints of Transportation System
Equations (7.6) shows the non-negative constraints of traffic flow of both GVs and EVs on path [.
Equation (7.7) describes the relationship between traffic demand from origin to destination and traffic

flows on path f3.

I8 20 NBel . [ >0,YBeb™ (7.6)
2 fﬂ'f;gv — qtrs‘gv’ z fﬂr’rt,ev — qtrs,ev (77)
LB peB™

where ¢™¢ and ¢ are the traffic demand of GV and EV.

Equation (7.8) indicates that if the mileage can support EVs to travel from the origin to the destination

on the non-charging path, EVs can be assigned to the non-charging path. Otherwise, EV users should be
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assigned to the charging path. However, if the mileage of EVs still cannot support the trip from the origin
to the EVCS on the charging path, the traffic flow on this charging path should be assigned as 0, shown

as equation (7.9). As a result, EVs will be assigned to other charging paths.

fre[soct =%, (1, /e )]z 00 p e 5o 79
S [s0C" ~(E7, [E) |2 0.9p € B, vj e 79)

where SOC® is the average initial SOC of EVs; E” is the average energy consumption measured in
kWh/km; E®™ is the maximum capacity of EVs; B is the non-charging path set for EVs;

B is the charging path set for EVs; [, is the length of link a, where a € 4”; A" s the set of

a

links corresponding to the EV non-charging event (The non-charging event means EVs can travel from

the origin to the destination of path /£ without charging); /. is the distance between the origin to

j
EVCSj; qj isthe set of EVCSs that locates on path S with rs as the origin-destination pair.

In the literature, probability density functions are utilized to describe personal EV behaviors, such as
daily mileage and arrival time [220]. Hence, in this chapter, we utilize Monte Carlo simulation to simulate
the EV charging behaviors and then aggregate these EV behaviors to obtain the average value, including
the average energy consumption of EVs, the average initial SOC, the charging demand, etc.

7.3 Problem Formulation and Proposed Framework
7.3.1 Problem Formulation
After optimizing the traffic flow on each path in section III via equations (7.1)-(7.9), the optimally

assigned charging demand (amount of energy) on each charging path can be acquired and is expressed

as fﬁ’f;“’* xd, VB e B, where fﬂff;"* is the optimized traffic flow of EVs on charging path B d

is the average EV demand. Although the total charging flow f;*" on path [ passes through the

EVCS, not all the total charging flow can be attracted by the EVCS if the total charging flow on path S
also passes through another EVCS. This is because EVCSs might compete to attract the charging flow.
As a result, only part of the total charging flow is attracted by the EVCS due to this competitive
relationship between EVCSs. Thus, it is necessary to incorporate the competition relationship in model

formulation. In some references, such as [125], although the competition between EVCSs is considered,
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the relationship between the TN and the price competition is ignored. By contrast, we model the
competition between EVCSs based on the optimally assigned traffic flow in the TN.

Fig. 7-1 is the simplified TN diagram showing the competition between EVCSs sl and s2. In this
chapter, we formulate a pricing strategy for EVCS s1 only, whereas EVCS s2 is the competitor of EVCS
sl (sl represents EVCS sl and s2 represents EVCS s2). In this diagram, the total demand of EV users
that pass through both EVCSs (such as the blue line) is defined as the demand as fotal competitive
demand. The demand of EV users that pass through both EVCSs and is attracted by EVCS sl is defined
as competitive demand at EVCS s1. However, EVCS sl will not compete against EVCS s2 to attract the
demand of EV users that only pass through EVCS sl (such as the green line). This is because this type
of demand will only be serviced by EVCS sl. Thus, we define this type of demand as non-competitive
demand. Moreover, for the EV flow that does not pass through either EVCS s1 or s2, shown as the orange
line, we define it as irrelevant flow. In this case, EVCS s1 will optimize the charging price based on the
sum of the competitive demand and the non-competitive demand at EVCS sl.

=3 Competitive demand

Non-competitive demand

== Trrelevant flow

{ —» Traffic flow

I O EVCSsl

EVCS s2

A
‘.—.
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Fig. 7-1. Simplified TN that includes competition between EVCSs.

7.3.2 Proposed Framework
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Fig. 7-2. The framework of the proposed charging price optimization process.

The framework of the proposed dynamic pricing strategy optimization process from the perspective
of EVCS sl is illustrated in Fig. 7-2. In Fig. 7-2, first, the relationship between charging price and
competitive charging demand p;' attracted by EVCS sl is modeled via the proposed two-step
approach in section V, where [ is the path that EVs travel on passes through both EVCSs sl and s2.

Second, the total charging demand D;' of EVCS sl is derived by summing up the competitive demand
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and the non-competitive demand of EVCS sl. Detailed definitions of competitive demand and non-
competitive demand can refer to section IV, part A. Third, queueing length /' is calculated based on
the total charging demand D;' and the queueing model in section VI. Fourth, there are two classes of
EV user behaviors considered, i.e., refuse-to-join and impatient-leave. The probabilities leading to
obtaining the proportion of EVs in both refuse-to-join and impatient-leave classes are modeled in
equation (7.28) and equation (7.29), respectively. Fifth, the adjusted charging demand D"/ is
derived based on user behaviors, shown as equation (7.34). Finally, based on the adjusted charging
demand, the pricing strategy for EVCS sl can be formulated.

The benefits of the proposed pricing strategy are twofold. First, in existing literature, such as [124,
125], although the competition between different EVCSs is included in price formulation, the impact of
TN on such competition relationships is not considered. Hence, the competition between EVCSs might
be overestimated. By contrast, our chapter models the competition between EVCSs based on TN. Hence,
the charging demand, consisting of both the competitive demand and the non-competitive demand, can
be more adequately formulated to facilitate the EVCS to set a proper charging price. Second, some
references only modeled the relationship between the charging price and the charging demand. For
example, [43] utilized price elasticity to model the relationship between the charging price and the
charging demand. By contrast, our model not only analyzes the total demand responsiveness towards the
charging price (shown as equations (7.19)-(7.21)) but also analyzes the recursive impact of the queueing
length on the charging demand (shown as equation (7.34)). In other words, the balance between charging
price, charging demand, and queueing length is obtained via the proposed pricing strategy.

7.4 Charging Demand Responsiveness toward Charging Price

In most cases, it is assumed that the driving patterns of EVs related to commuting are relatively
unchanged in terms of temporality. Therefore, we mainly focus on the demand responsiveness of EVs
along the assigned driving route. According to the definition of non-competitive demand defined in this
chapter, this type of demand can only be serviced by EVCS s1. Hence, in this chapter, the responsiveness
of non-competitive demand towards the charging price is not further discussed, and only the competitive
demand responsiveness towards the charging price will be modeled. In the following parts, a two-step
approach is proposed to derive the relationship between the competitive charging demand and charging

price.
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7.4.1  Step 1: Indifferent Charging Price

EVCSs sl and s2 are two available stations. The charging price of EVCS s2 is assumed to be known.
Before formulating the relationship between the competitive charging demand and the charging price,
the indifferent price for EVCS sl is derived in step 1. It is a price that can make the aggregated EV users
indifferent about which EVCS to select. Here, there are two types of decision-makers, i.e., the aggregated
EVs and EVCS sl. To be specific, EVs will make station-selection decisions (selecting EVCS sl or
EVCS s2), and EVCS sl will derive the indifferent price based on the station-selection decision of EVs
and the charging price of EVCS s2.

Hence, the decision-selection choice of EVs is modeled first. The payoffs (utility) of the EV users on
station selection are influenced by the waiting time and the charging price at the EVCS. Thus, the utility

of EV users who select EVCSs sl and s2 can be expressed as equations (7.10) and (7.11), respectively.

sl wa 1 sl
Uy, ==A"xw =, xDy, (7.10)
2 wa 2 52
Uﬂ,t:_ﬂ’ xwts _ﬂf XDﬁ,t (7-11)
where Wil = 1 et gt 2 02 [ g (7.12)

where v;' and U’ are the utility of EV users who select EVCSs sl and s2; A" is the penalty

coefficient of EV users that can transform waiting time into monetary value; w'' and w' are the

average waiting time at EVCS sl and s2; 27!, is the charging price of EVCS sl regarding the demand
onpath B; 2% isthe charging price of EVCS s2; p 4. 1s the total competitive demand of EV users

onpath f; i and [7* are the queueing length at EVCS s1 and EVCS s2 at time ¢ (detailed formulae
of queueing length are shown in section VI, part B); ¢ " and ¢>*" are the average arrival rate at

EVCS sl and EVCS s2 at time ¢.

When fol,, —yUs?

57, » EV users are indifferent about selecting between EVCSs s1 and s2. Then, we can

find the indifferent price 4,7 set by EVCS sl results in !, = U;?, . Here, the expression of 47 is
given by equation (7.14), which is derived via proposition 1.
Proposition 1: Let 2 S A=Ay, the price difference A Ay, between EVCSs sl and s2 that can

make EV users indifferent about which EVCSs to select, i.e., the price difference that can make

Uy, =U}%, is as (7.13). The method used is to solve simultaneous equations related to the station-

selection utility of EVs shown as (7.10) and (7.11). Detailed proof of deriving the price difference that
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makes U =U;? canrefer to Appendix a.

v (wxl _ sz)

* t t

Ay = (7.13)

Dy,

Then, based on the known charging price of EVCS s2 and (7.13), the indifferent price can be shown

as:
A =22+, (7.14)
7.4.2  Step 2: Demand Responsiveness towards Charging Price
In step 2, the indifferent price is treated as a known parameter to derive the responsiveness of the
competitive demand towards the charging price. According to economic theory, demand and price are
inversely related [170]. Thus, the exponential distribution can be applied in equation (7.15) to model

the relationship between the competitive demand probability and the charging price of EVCS s1.
= P 7.15
PrD;" Py ’ ( )
where PrD\.. is the proportion of total competitive demand p Iy that is attracted by EVCS sl; p,,
Bt s ,

is the coefficient that describes the relationship between the competitive demand probability and the

charging price of EVCS s1, which can be obtained based on the indifferent price derived in step 1.

Note that PI’DS1 will be 50% when the EV users are indifferent about which EVCSs to select. As a
B
result, we can plug in point ( A ,50%) into equation (7.15) to derive the function regarding the
coefficient p,, of each path B ateach time ¢ as follows:

f(pﬂ’,): pﬂ,,efp/"’lfs’lj -0.5 (7.16)

Then, by applying the Newton-Raphson method, the coefficient can be derived [221].

-1
df (pﬁ,t,i)
Puaia =Ppas=| = | S (Paus) (7.17)
dpg,
where p, ;. is the value of coefficient at iteration i of path B.

Proposition 2: To ensure equation (7.16) has at least one root, the charging price should be within the

range (0, 2/ e] . However, the real charging price is within a range of 1’ € (0,/1’““X ] , where 4™ is

the maximum real charging price. Hence, an auxiliary price that is within the range of (0,2/ e] is
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introduced as an auxiliary variable to mathematically shrink the real charging price into the range of

(0, 2/ e] (The method used to derive the range of the auxiliary charging price is to find the global

maximum point of equation (7.16). Then, the value of the charging price that makes [ ( Ps. ) =0 is when
A5 =2 /e , and it is also the upper limit of the auxiliary charging price. Detailed proof of the way to

derive this range can refer to in Appendix b.). As a result, the relationship between real charging price

and auxiliary charging price is shown as (7.18).

gt = 2 a1, qamst ¢ (0,2fe] (7.18)

max t
where 2" is the auxiliary price.

Thus, equation (7.15) should be modified to:

—p J;L’mu.\-l
Pry = pye” (7.19)

After formulating the relationship between the charging demand probability and the charging price in
(7.19), the competitive demand can be modeled shown as (7.20). Then, the total charging demand at
EVCS sl can be modeled by summing up all the competitive demand at EVCS sl and all the non-
competitive demand at EVCS sl shown as equation (7.21). The first term represents all the competitive

demand, and the second term represents all the non-competitive demand.

Dy, =Dy, x Pry, (7.20)
D'= > Dy,+ ), Dy, (7.21)
pepl? peB’!

where 2°"*? s the set of paths that passes through both EVCSs sl and s2; 2*' is the set of paths
that only passes through EVCS sl.

The model used in this chapter can be generalized to multiple-charging stations. The method used is
to focus on every two EVCSs (i.e., EVCS sl and another EVCS) rather than solving simultaneous
equations related to the station-selection utility of EVs. Details of the way to generalize the problem
between two stations to multiple stations can refer to in Appendix c.

7.5 EV Behavior Modeling based on Admission Control and Queueing Model

As mentioned before, the long queueing length might lead to EV user impatience. Hence, it is
necessary to incorporate EV user behaviors when formulating the pricing strategy to further adjust the
charging demand formulated in (7.21). In this chapter, two types of behaviors are considered, i.e., refuse-

to-join and impatient-leave. Details of definitions relating to the two types of behaviors can refer to
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section VI, part C. Both an admission control scheme and a queueing model are utilized to model those
two types of EV behaviors.
7.5.1 Admission Control Scheme

Before analyzing the physical queueing process at the EVCS, a virtual multi-sub-process admission
control scheme based on the M/Tp/n/n+b virtual queueing model is introduced [222]. In this admission
process, M denotes the arrival rate of the EVs, which follows a Poisson distribution; 7p is the minimum
inter-arrival time of two consecutively admitted EVs of the same sub-process (it is also the deterministic
service time of one virtual charger); n denotes the number of sub-processes in the admission process (it
is also the number of virtual chargers during the admission control process); b is the buffer of the
admission process, which is zero.

Under the admission control, EVs will not be admitted if all the virtual chargers (sub-processes) are
occupied. Otherwise, EVs will be admitted to the idle virtual charger within the deterministic service
time 7p.

For example, consider an admission control scheme including two sub-processes, as shown in Fig. 7-
3. When EV user 1 arrives, it is assigned to sub-process 1. When EV user 2 arrives, it cannot be assigned
to sub-process 1 because the inter-arrival time between EV users 1 and 2 is shorter than the minimum
inter-arrival time. In other words, sub-process 1 is occupied when EV user 2 arrives. Thus, EV user 2 is
assigned to sub-process 2. When EV user 3 arrives, it can be assigned to sub-process 1 because this
process is not occupied at that time. However, when EV user 4 arrives, none of the sub-processes can be
assigned since both sub-processes are occupied at that time. As a result, EV user 4 will not be admitted

to EVCS sl. When EV user 5 arrives, it can be assigned to sub-process 2.

Minimum inter-arrival time
Sub-process 1 e | { |y )

| i I

{Jummag )

Original arrival  (JFEEN | (JEKCH | (0FEE0) | (05 | (05
5

4 3 2 1

Arrival under q X it _ER(
admission control - L (@5 B RN B ) REind B B

3 2 1

Fig. 7-3. Admission control example illustration.

The advantages of admission control are twofold. First, the admission process can ensure the stability
of the physical queueing process by admitting enough users with a guaranteed QoS and avoiding the

excessive delay of the admitted EVs [223]. Second, admission control can achieve a balance among the
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waiting time, admission probability, and physical charger utilization.
The stability of the physical queueing process can be ensured when the deterministic service time
during the admission process is larger than the physical service time at the EVCS, which can be expressed

as equation (7.22) [222].
nT, >a"d/u (7.22)

where T, is the minimum inter-arrival time of one sub-process; n is the number of sub-process in
the admission control process; @ is the total number of physical EV chargers at EVCS s1; 4 is the

charging rate per EV charger.

To modify (7.22) into an equation, we have:
T, =pa"d/nu’ (7.23)

where ¢ is a coefficient that is larger than 1.
As a result, the admission probability is [224]:

(T « gsl,ar )n « e—TuX%\l'“"
D t

F(n+1,TD xg,“'l’”r)

Prin —1— (7.24)

where Pr“ is the admission probability; & is the arrival rate at EVCS sl at time ¢.
7.5.2 Queueing Model

After the admission control, the admitted EVs will be physically waiting in the queue. The expression
of the queueing length can be shown as equation (7.25), which is based on the total charging demand at
EVCS sl. In this chapter, the M/M>/N queuing model is applied in the queueing process, where M denotes
the arrival rate of the EVs; M2 denotes the charging rate; N denotes the number of physical EV chargers

at EVCS sl [225].

() s )

st = 5 xPrOSj (7.25)
@' !(1 - gfl""/(,uflw“ ))
Pry;
_ ”ii[ef“‘" Jk N (8;”’” Jm” ’ (7.26)
im0 k! /Ule @ ' _ngLar 7
g = D /d (7.27)

where py;! is the probability that all chargers are standing by at EVCS s1 at time ¢, k is the number

of chargers standing by at EVCS sl1.
7.5.3 Modified Charging Demand Considering EV Behaviors
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7.5.3.1 Behavior modeling based on queuing model only

Based on the queueing model, we can model EV user behaviors at EVCS s1, which can be categorized
into two types, i.e., refuse to join and impatient leave.

Refuse to join: When the EV users arrive at the EVCS, they find the queueing length too long and thus
refuse to join the queue, even if the total EV number in the EVCS is less than the maximum queueing
capacity.

The probability that EV users will refuse to join the charging service provided by EVCS sl is as (7.28)

[134].

P =g e (7.28)

t

RTJ

where Pr, is the probability that EV users will refuse to join the queue at EVCS sl; o is the

parameter that defines the probability decrease rate.
Impatient leave: When the EV users become impatient, they will leave the EVCS, even if the queueing
length is not too long.

The number of EVs that leave the queue at time ¢ is relevant to the queueing length at EVCS at time ¢
and assumed to be 5ln(lf 'z +1), where § is the non-negative adjusting factor [134]. Thus, the
probability that the EV users will be impatient and leave the EVCS is:

P =5in(1" - +1) 1" (7.29)

where Py/* is the probability that the EV users will be impatient and leave the queue at EVCS sl.

ing model idering EV user behaviors
Admission control scheme Charging Queue Charger | |7 Finish (,hargm;,
Sub-process 1: 7, 777;;777777 :'7:777 Chargerz
» Admitted | Sub-process 2: 7, Refuse to Jom | Impatient]
LI ) ﬁ | (0] }D leave | [ Charger o]
£
4 Tsub-process i 7,| || ot
Not admitted —- ___‘m —— -0 - - -—-
M/Tp/w/n+b virtual queueing model MIMA/N queuing model

Fig. 7-4. The admission control scheme and queueing model.

7.5.3.2 Behavior modeling based on both admission control and queueing model

However, it is improper to apply the probability of refuse-to-join and impatient-leave straight away to
model EV user behaviors. Because it is assumed that the behavior of EV users occurs after the admission
control of the EVCS sl, shown in Fig. 7-4. In Fig. 7-4, both the admission control process and the
queueing process are illustrated. It can be found that only EVs that are admitted can join the physical

queue. Thus, the conditional probability based on Bayes' theorem is used to reflect the occurrence
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sequence of admission and queueing [226]. The formulae relating to the conditional probability under
the context of admission control and queueing model are shown as equations (7.30)-(7.33). Note that
equation (7.33) utilizes the conditional probability to emphasize the occurrence sequence of admission

control and the behavior of EV users.

Pr x pr, (adm| RTJ)
Pr;(RTJ| adm) = — (7.30)
Py,
Prt x Pr (adm| IL)
- 7.31
Pr’ (ILladm) P’;adm ( )
Pr, (adm| RTJ) =1,Pr, (adm|IL) =1 (7.32)
RTJ IL
Pr, (RTJ| adm) = I:’fm, Pr (L) adm) = 21 (7.33)
r,

t t

where P, (adm| RTJ ) is the conditional probability that EV users, who refuse to join the queue at EVCS
s1, are admitted by EVCS s1; FPr, (adm| IL) is the conditional probability that EV users, who are
impatient and will leave the EVCS sl, are admitted by EVCS s1; P, (RTJ | adm) is the conditional

probability that the admitted EV users refuse to join the queue at EVCS s1; Pr, (]L| adm) is the

probability that the admitted EV users are impatient and will leave EVCS sl1.

In this chapter, the total charging demand at EVCS sl is adjusted considering the EV user behaviors
shown in (7.34), which is formulated based on equations (7.21), (7.24), and (7.33). Noted that our
model is also adaptive to the case where there is no need to queue, in which case the adjusted demand
D4 in equation (7.34) will be equal to the total charging demand at EVCS s1 Df'. This is because
when there is no need to queue, the admission probability will be 1, and the behavior of refuse-to-join

and impatient leave will not occur.
DY = D' Pr" x (1= Pr, (RTJ |adm))-(1- Pr, (IL|adm)) (7.34)

where D" is the total adjusted demand at EVCS s1.
7.6 Proposed Pricing Strategy
7.6.1 Objective Function and Constraints
Based on the adjusted charging demand, we can formulate the pricing strategy for EVCS s1. The aim
of EVCS sl is to decide on charging prices that can maximize the net profit during the charging process,

shown as equation (7.35). The first term shows the revenue of the charging service. The second term
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shows the electricity purchasing cost. And the third and fourth terms are the operational cost during the
charging service and the daily fixed cost. Equation (7.39) aims to remain the hourly average charging
price set by EVCS sl at an average charging price level. Normally, the average charging price level is
determined based on the average energy consumption level of EV users and the average market charging

price level [121].

T
max Z(;{;l % Dtsl,adl' _ ltBG x Dtsl,adi )_Coper _ Cinv (735)

t=1

s.t. equations (7.18)-(7.21), (7.24), (7.33), and (7.34).

T

Coper — ZDtSlﬂdf X g (736)
t=1
P&l,minAt < Dlsl,ad/ < Psl,maxAt (737)
0< 4" <A™ (7.38)
T
Z(%ﬂ )/T Y (7.39)

t=1

where 1%¢ is the electricity purchasing price of the electricity grid; 1™ is the average charging price

level; C™ is the daily operational cost at EVCS s1; C™ is the daily fixed cost at EVCS s1; ¢ is

the unit operational cost.; ™™ and P"™ are the minimum and maximum power of the charger at

EVCS sl, and they are measured in kW.
7.6.2  Power System Constraints

Furthermore, PDN constraints are included. This is because when a lower price is set by EVCS sl,
more charging demand can be attracted from EVCS 2, which can lead to PDN congestion and instability,
such as voltage instability, in the area where EVCS sl locates. Hence, it is necessary to incorporate the
power flow constraints to ensure that the price set by EVCS sl can achieve spatial load shifting by
incentivizing EV users to alter their station-selection decisions to avoid possible power congestion in the

electricity network. Note that the EVCS and PDN are coupled via the power of EV charging loads at

electricity busg p"' .

(PP‘IJ )2 +2(qu,t )2 — Z P

qu,t + Pfﬁf - rpq v gkt + ])qu (740)
q.t kekK
2 2
P +(0
qu,r + qut -Xx,, ( Pq,t) Vz( Pq,t) — Z qul (741)
q,t keK
2 2
Prus) +(Qr)
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Vq,t _Vp,t = 2(rququ +x17qQ17qJ ) _(rpq T X )V—z (742)
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—_— 2 2 -
V, <V, <V, (Py.) +(Qp) <5, (7.43)
where p (0, ) is the active (reactive) power flow from bus p to bus g; P2 (0z,) is the active
(reactive) power generated atbus ¢; r,  (x,, ) is the resistance (reactance) from busp tobus ¢; V,, is

qt

the nodal voltage; P, (Q, ) is the active (reactive) power flow from bus ¢ to bus k; p*/ is the

power of EV charging loads at bus g; m and (o) are the upward and downward limits.

7.6.3 Interdependency between Sub-models

In (7.35), the charging price 4" and the adjusted total charging demand D;"“Y are two important
variables. They are related based on the sub-models introduced in the previous sections.

The first sub-model is the TN modeling presented in section III. It aims to derive the optimally
assigned charging flow and use it as a known parameter in section V to derive the indifferent price. And
based on the indifferent price, the relationship between charging price and total charging demand is
formulated. As a result, section III and the following sections have a sequential relationship.

The second sub-model is the two-step approach presented in section V. It aims to formulate the
relationship between total charging demand and charging price shown as (7.21) based on the indifferent
price. And this relationship is one of the constraints of the optimization problem stated in section VII.

The third sub-model is the admission-based EV behavior modeling presented in section VI. It
formulates the relationship between total charging demand and adjusted total charging demand in (7.34)
based on equations (7.21), (7.24), and (7.33). And this relationship is also one of the constraints of the
optimization problem stated in section VII.

The relationships formulated in section V and section VI are two constraints that are embedded into
the optimization problem in section VII. Hence, the whole process is coherent and correlated.

7.6.4  Operational Framework

In this framework, we are formulating a dynamic pricing strategy for EVCS sl to maximize the net
profit of EVCS sl based on future predicted data, including the traffic demand and the electricity
purchasing price, etc. A rolling horizon is applied as an optimization framework to solve this real-time
pricing optimization problem. The rolling optimization is conducted every 15 minutes. The optimized
charging price of the first time interval will be used as the real-time charging price. For the rest optimized
charging prices, they will be used as future reference charging prices. In the real application, the real-

time charging price, along with the future reference prices, will be broadcasted to EV users to facilitate
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EV users in making energy charging decisions.
7.6.5  Solver to Solve the Optimization Problem

In this chapter, the original problem is a convex optimization (However, it is not a quadratic
optimization because there is a second-order cone constraint due to DistFlow equations). Since the
formulated problem is convex, the interior-point method can find the optimal solution, which can be
referred to [227]. As a result, the solver used is the Interior Point Optimizer (IPOPT) solver, which is an
open-source solver suitable to solve large-scale non-linear optimization problem. As our problem is
convex and the scale of the optimization problem is relatively small (because we solve the problem from
the macroscopic level and the EV charging demand is aggregated), the solver can find the optimal
solution accurately and efficiently. To be noted, the increasing number of EVs will not affect the
computation time of our model. Hence, scalability will not be a problem for the proposed model.
7.7 Case Study

7.7.1  Experiment Setting

@ Transportation Node @ Electricity Bus  QEVCS sl @EVCS €
Strathfield Burwood 02

Feeder Road

Fig. 7-5. A coupled power distribution network and transportation network.

The proposed dynamic pricing strategy is verified in the IEEE 33-bus power distribution system
coupled with the 30-node transportation system, shown in Fig. 7-5. In this diagram, the traffic network
is simplified from an actual district in Sydney, Australia, which includes 30 nodes and 53 arterial roads.
The power distribution system has one 110 kV substation. To be noted, the PDN and TN are coupled
based on EVCS sl and EVCS s2 located at bus 14 (node 21) and bus 26 (node 14), respectively [228].
Note that our model can be applied to other transportation topologies. The distance or location of the

EVCSs will not affect the scalability of the model.

TABLE 7-2. CHARGING STATION AND ELECTRIC VEHICLE PARAMETERS

Electric vehicle charging station parameters

Number of sub-
Number of chargers & =40 n=5
processes
Maximum power of | pSLIEX _j( Charging rate /431 =2
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the charger (kW) (veh/hr)

Electric vehicle parameters

Average charging Maximum capacity

d=20 EOT _gs
demand (kWh) (kWh)

Average energy
Average initial state-
consumption E® =05 soc® =45%
of-charge (%)

(kWh/km)

The parameters relating to EVCS sl and EVs are listed in Table 7-2. For the EVCS, the parameters
related to the admission control (i.e., number of sub-processes) and the physical queueing processes (i.c.,
number of chargers, maximum power of the charger, and charging rate) are included. For EVs, the
parameters related to the EV battery (i.e., maximum capacity, average energy consumption, and average
initial SOC) and average charging demand are listed.

The simulations were completed by a PC with an Intel Core (TM) i7-9750 CPU @ 2.60 GHz with
16.00 GB RAM. The computation time of the pricing optimization problem is around 5 minutes and 47
seconds.

7.7.2  Simulation Results

Four case studies are carried out to prove the effectiveness of the proposed dynamic pricing strategy.

Case 1 Base case: Fixed pricing strategy for EVCS without considering transportation system
modeling.

Case 2 Optimal pricing strategy for EVCS considering transportation system modeling without
modeling the relationship between charging demand and charging price [121].

Case 3 Competitive pricing strategy for EVCS without considering transportation system modeling
that models the relationship between charging demand and charging price. However, the impact of
queueing length on charging demand is ignored [125].

Case 4 Proposed dynamic pricing strategy for EVCS with a coupled PDN and TN that incorporates
demand responsiveness towards charging price and the recursive impact of queueing length on charging

demand.
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Fig. 7-6. Charging demand and charging price at EVCS sl of four cases.

In Fig. 7-6, the charging demand and charging price at EVCS sl of the four cases are illustrated. It can
be found that the standard deviation of the charging demand of case 4 is the smallest compared with the
other three cases at 87.26. Hence, case 4 has the least fluctuating charging demand. To be specific, a
lower price is set by EVCS sl as the spatial incentive to attract more EVs to shift the station-selection
decision to EVCS sl during the off-peak charging hours. As a result, the charger utilization during the
off-peak charging period can be enhanced. By contrast, a higher price is set by EVCS sl as the spatial
incentive for EV users to shift the station-selection decision to EVCS s2 during peak charging hours. As
a result, queueing length and waiting time at EVCs sl can be reduced. Additionally, the problem of
congestion on the electricity network can be mitigated. Moreover, it can be found that the charging
demand of case 4 during the peak charging period at around 6:00 to 9:00 and 16:00 to 19:00 is the lowest.
This is not only because of the high charging price but also because the proposed model introduces the
admission control scheme to guarantee the stability of the physical queueing process. Thus, the number
of EVs is further controlled when there is a peak charging demand. By comparison, case 3 has the highest
charging demand during the peak charging period. This is because the competitive pricing strategy under
case 3 aims to attract more charging demand from the competitor, i.e., EVCS s2. However, this pricing
strategy of case 3 neglects to ensure the QoS at the EVCS. Thus, the long queueing length might occur

during the peak charging period, which might lead to customer dissatisfaction.

[ Competitive demand [ Non-competitive demand

— Charging price
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_

Fig. 7-7. Competitive and non-competitive charging demand of case 4.
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Fig. 7-7 further specifies the component of the total charging demand of case 4, i.e., the competitive
demand and the non-competitive demand. It can be found that the competitive demand is influenced by
the charging price. The higher the charging price is, the lower the competitive demand will be, and vice
versa. This is because the demand and price follow an inversely related relationship, as mentioned in

section V, part B. By contrast, the non-competitive demand is irresponsive to the charging price.

TABLE 7-3. COMPARISON OF THREE TYPES OF PERFORMANCE INDICATORS

Criteria Detailed items Casel | Case2 | Case3 Case 4

Attractiveness Total daily demand (MWh) 10.02 10.57 12.16 11.81

Charging revenue (AUS) 3908 4017 4108 4547

Profitability Purchasing cost (AUS) 501 528 608 590

Charging profit (AUS) 3407 3489 3500 3957

Operation Profit variance 421 385 352 369
stability Queueing length volatility 115 104 128 93

In Table 7-3, four cases are compared from three aspects of criteria, i.e., attractiveness, profitability,
and operation stability of EVCS sl, to verify the effectiveness of the proposed pricing strategy. For
attractiveness, the more total charging demand is serviced by EVCS sl, the more attractive EVCS sl
will be. It can be found that case 3 has the highest charging demand at 12.16 MWh per day compared
with the other three cases. This is because the pricing strategy of case 3 considers the competitive
relationship between EVCSs. Hence, a lower price is set to attract more charging demand. Although case
4 also considers the competitive relationship between EVCSs, the total daily demand is slightly lower
than that of case 3 at 11.81 MWHh. This is because the competition relationship in case 4 is established
based on the TN. As a result, the degree of competition is not overestimated, and the formulated charging
price will be higher than that of case 3. For profitability, it can be found that case 4 has the highest
charging profit at 3957 AUS. For operation stability, it is further evaluated from two sub-aspects, i.e.,
profit variance and queueing length volatility. Although the profit variance of case 4 is only the second-
lowest among the other three cases, the queueing length volatility under case 4 is the lowest at 93. Thus,
a balance between the QoS at the EVCS and the charging profit can be obtained.

Fig. 7-8 illustrates the hourly charging profits and hourly queueing length of EVCS s1 of the four
cases. As for hourly profits, it can be found that case 4 has the highest hourly average charging profits,
and case 3 has the least profit fluctuation measured by variance. By contrast, case 1 has the lowest hourly
average charging profits with the most profit fluctuation. As for hourly queueing length, case 4 has the

least queueing length volatility, whereas the queueing length of case 3 is the most volatile, which can
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also be verified via Table 7-3.
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Fig. 7-8 Hourly charging profits and queueing length of EVCS s1 under four cases

Moreover, the charger occupation frequency of each case is presented. In Fig. 7-9, it can be found that
90% of the time, more than 50% of the chargers (>20 chargers) are occupied under case 4. By contrast,
the occupation frequency for cases 1, 2, and 3 when the number of chargers being occupied is more than
20 is 54.2%, 75%, and 63%, respectively. This indicates that the proposed model significantly enhances
the charger utilization ratio by ensuring that most of the time, most of the chargers are working.
Furthermore, the more evenly distributed the occupation frequency is, the more fluctuating the queueing
length will be. It can be found that the occupation frequency of case 4 is the least evenly distributed.

Thus, the queueing length under case 4 is the most stable one compared with the other three cases, which

can also be verified via Table 7-3.
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Fig. 7-11. The effect of the admission control on the waiting time, admission probability, and charger utilization of [222].

Furthermore, the proposed model is compared with the pricing strategy used in [222], where admission
control is considered, but no EV user behaviors are modeled, holding other things constant. It can be
found that the admission probability for the proposed model in Fig. 7-10 is lower than using the pricing
strategy of [222] in Fig. 7-11 when there is a peak charging demand from 6:00 to 9:00 and 16:00 to 19:00.
Thus, fewer EVs are admitted. As a result, the waiting time of the proposed model is shorter, and the
charger utilization is lower during that peak charging period. This is because EVCS sl aims to avoid
excessive delay of service by considering the EV user behaviors when formulating the pricing strategy.
Thus, the number of EVs is further controlled during the peak charging period compared with using the

pricing strategy of [222].

TABLE 7-4. COMPARISON OF PDN L0OSs COST AND DOWNWARD VIOLATION OF THE FOUR CASES

Case 1 Case 2 Case 3 Case 4
PDN loss cost (AUS) 272 264 276 240
Minimum voltage (p.u.) 0.9445 0.9532 0.9354 0.9654

Additionally, the impact of the pricing strategy on the PDN is further analyzed from two aspects, i.e.,
PDN loss cost and downward voltage violation. In Table 7-4. It can be found that case 4 has the lowest
PDN loss cost at 240 AU$ with a minimum voltage of 0.9654 p.u. This is because the proposed pricing
strategy can reduce peak load at EVCS sl. Hence, the problem of downward voltage violation is avoided,
and the PDN congestion is mitigated. By contrast, the PDN loss cost of case 3 is the highest, and there

are downward violations for both cases 1 and 3.

TABLE 7-5. EFFECT OF DIFFERENT PRICING STRATEGIES ON EACH EVCS

Casel | Case2 | Case3 | Case4
Total charging | EVCSst | 1002 | 1057 | 1216 | 11.81
demand (MWh) | Evcss2 | 1288 | 1201 | 1075 | 11.60
Total charging | EVCSsl | 3407 [ 3489 | 3500 [ 3957
profit (AUS) EVCSs2 | 3887 | 3627 | 3246 | 3503

In Table 7-5, the effect of different pricing strategies on both EVCS sl and EVCS s2 are analyzed. In
case 1 (as a base case), the EVCS s2 attracts more charging demand than EVCS s1. When further
considering the TN model, it can be found that the total charging demand of EVCS sl under case 2 is
higher than that under case 1. This is because, in case 2, a more proper pricing strategy is formulated
based on the estimated charging demand, which is derived via TN modeling. Consequently, the total
charging profit of EVCSsl1 under case 2 is higher than that under case 1. At the same time, the charging
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demand at EVCS s2 is reduced, which results in a lower profit. In case 3, the competitive relationship
between EVCSs sl and s2 is incorporated. Hence, EVCS sl can attract more charging demand from
EVCS s2, and the total charging demand and total profit of EVCSs1 in case 3 are higher than that of
cases 1 and 2. Nevertheless, this competitive relationship is not established based on TN, and the degree
of competition might be overestimated. As a result, EVCS s1 may set a low price to enhance competition
ability in attracting charging demand but sacrifice the profits. Therefore, although the charging demand
of EVCS sl increases to a large extent in case 3, the increase in profit is not obvious. In case 4, the
competitive relationship is established based on TN, which better investigates the competition
relationship between two EVCSs. Therefore, EVCS sl in case 4 can achieve the highest profit.
7.7.3  Sensitivity Analysis

In Fig. 7-12, the impact of the arrival rate and the number of sub-processes on the admission
probability is illustrated. It can be found that an increase in the arrival rate will reduce the admission

probability. On the contrary, the increase in the number of sub-process will increase the admission

probability.
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Fig. 7-12. The impact of arrival rate and the number of sub-processes on admission probability.

In Fig. 7-13, the impact of the arrival rate and average charging demand on average waiting time is

illustrated. It can be found that an increase in either the arrival rate or the average charging demand will

increase the average waiting time.
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Fig. 7-13. The impact of arrival rate and average charging demand on average waiting time.

7.8 Conclusion

In this chapter, a dynamic pricing strategy for the EVCS is proposed considering a coupled PDN and
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TN and the responsiveness of demand. First, a pricing strategy, considering the competition effect
established based on the TN, is formulated. Second, a two-step approach is proposed to formulate the
responsiveness of demand towards the charging price. Third, the EV user behaviors are incorporated
based on both an admission control scheme and a queueing model to further adjust the charging demand.
The effectiveness of the proposed pricing strategy is verified via the simulation results. The potential
benefits of the proposed pricing strategy are threefold in terms of attractiveness, profitability, and
stability. To be specific, the proposed pricing strategy can be applied to facilitate the EVCS to attract
more charging demand and gain more charging profit. Additionally, the proposed pricing strategy can
achieve spatial load shifting by incentivizing the EV users to alter their station-selection decision to avoid
possible power congestion in the electricity network. Hence, the stability of PDN can be ensured.
Moreover, our proposed model presents the balance between charging price and queueing length. This
balance prevents the EVCS from setting a very low charging price which leads to a long queueing length.
Therefore, congestion caused by the queueing length within the EVCS in TN can be avoided.

7.9 Appendix

a. Proof of Proposition I: U, =uy, (7.44)
Ug, =Uys ==2" x(w! =) =Dy, x(4], - 4%) =0 (743)
Let 2! - 2,% = A4, , then we have:
_ﬂ/wa wxl _ W\'Z
A%y, :M (7.46)
Dy,

b. Proof of Proposition 2: According to the monotonicity of the function shown as equation (7.16), there
is only one global maximum point [229]. Thus, we can simply let [ ( P ) =0 to obtain the unique root.

Then we have:

0.5=pj,e " (7.47)
In(0.5)=1n(py, )~ ps. s (7.48)

Then, we define 7(p,, ) as:
(P )=In(py.) - s —In(0.5) (7.49)
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Next, taking the derivative of ) ( pﬁ’,) , we have:

dy\p .
( ﬂ,f) ___ﬂsl =0 (7‘50)
dpﬁ,t Pp.s

=1/2;" (7.51)
Finally, by plugging the root value of the coefficient into equation (7.16), the global maximum point
can be expressed as (l/ Al / /1”* 5) . Thus, the value of the charging price that makes f° ( pﬁ’,)

=0iswhen A =2 /e , and it is also the upper limit of the auxiliary charging price, shown as Fig. 7-14.
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Fig. 7-14. Mathematical graph explanation of Propesition 2.

In Fig. 7-14, the global maximum point is found when 7' =2 / e . Benoted that 2" is the auxiliary

*
N3

charging price which is different from the real charging price. However, when ;' > 2 /e , there is no

root for f ( P ), i.e., no root for equation (16). Hence, the auxiliary price should be within the range

(0,2/6] .

c. Extend the two-station problem to a multiple-station problem

The two-station selection model can be extended to a multiple-station problem based on the two-step
approach presented in section V. When there are multiple EVCSs (more than two EVCSs), the indifferent
price among them can be derived by solving simultaneous equations related to the station-selection utility
of EVs shown as (7.10) and (7.11). However, the existence of such an indifferent price (solutions of
the simultaneous equations) cannot be ensured. Hence, we derive the indifferent price by focusing on
every two EVCSs (i.e., EVCS sl and another EVCS).

First, the indifferent price for each pair of EVCSs will be derived in the same way as step 1 presented
in section V, part A.

Second, based on the derived indifferent price of each pair of EVCSs, the relationships between the
competitive demand probability and the charging price of EVCS sl can be formulated using the same

approach of step 2 presented in section V, part B shown as (7.52). Note that if there are n EVCSs, there
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will be n-1 equations describing such a relationship.

sl.s/efﬂ);‘

Pr,. =pje " “lsjeQ (7.52)

sj#sl
where pitv s the coefficient that describes the relationship between the competitive demand

probability and the charging price of EVCS sl considering the EVCS pair of EVCS sl and EVCS sj;

Q is the set of EVCSs excluding EVCS sl.

sj#sl
Third, the ratio of the competitive demand probability of EVCS sl and the competitive demand

probability of another EVCS within the pair satisfies (7.53).
Py, __piren

. sl.sj sl
Pr.. _ shy P A
oy, 1=pye

(7.53)

Additionally, the summation of the competitive demand probability of all the EVCSs should be 1

shown as (7.54).

PrD}z‘.« * Zsjeﬂ‘ml PVD/‘;_[ =1 (7.54)

Substitute equation (7.19) with both (7.53) and (7.54), the constraints are generalized from a two-
station problem to a multiple-station problem. The generalized constraints of both (7.53) and (7.54)
will be the constraints of the pricing optimization problem in (7.35).

Finally, to verify whether the generalized constraints are applicable to the special case where only two

EVCSs are considered, (7.53) and (7.54) can be simplified into (7.55) and (7.56), respectively.

Pr " Sl,xZe*P/";l,szi;I
oo P (7.55)

l_PrD/\?IJ I_p;,,tY e i
PrD;/ +PVD;§ =1 (7.56)

Combining both (7.55) and (7.56), we can derive (7.57), which is the exact derivation in section V.

Pr

st
Dy

1,52 =Pyt 4! P
= Pt 2 o (7.57)

As a result, those generalized constraints are also applicable to the two-station problem.
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8. INDIVIDUALIZED PRICING OF ENERGY STORAGE SHARING BASED

ON DISCOUNT SENSITIVITY

With the increasing use of distributed renewable energy to generate electricity, energy storage sharing
has become more promising because it is capable of smoothing renewable power generation and
reducing energy purchasing costs. In this chapter, we present a two-stage pricing mechanism between
the coordinator who operates the shared energy storage and the prosumers who are borrowing the
shared capacity from the coordinator. Individualized pricing is derived via the two-stage pricing process.
1t is a pricing strategy that can facilitate the coordinator to capture the most considerable possible net
profits through price discrimination. First, prosumers are clustered into different groups using the data-
driven approach. Then, novel concepts of bulk capacity borrowing and discount sensitivity are
introduced to model the individualized pricing for the first time. As a result, the price structures and the
price levels can be jointly optimized. From the simulation results, it can be found that the proposed
individualized pricing can increase the net profits of the coordinator, enhance the utilization efficiency
of the energy storage system, and reduce the energy consumption costs of the prosumers.

8.1 Introduction

With the increasing penetration of renewable resources, such as rooftop PV generation [39],
greenhouse gas emissions can be reduced. However, renewable resources are difficult to operate reliably
due to their intermittent and unstable features [40]. Thus, the energy storage system (ESS) is employed
to smooth the spatial and temporal imbalance between the load demand and the renewable energy
generation. Nevertheless, the investment costs of ESS are substantial, and the costs are entirely borne by
the end-users. Furthermore, because of the random usage patterns of different residents, the utilization
of the residential ESS is inefficient. To this end, the concept of energy storage sharing is introduced
where the centrally controlled ESS can provide storage services to the end-users as if they were using
the behind-the-meter ESS.

In the literature, the research on energy storage sharing could be divided into two layers, the physical
layer and the virtual layer [48]. The physical layer mainly focuses on voltage and capacity control,
network power loss minimization, and system strengthening [230]. In this chapter, the scope falls into
the virtual layer, mainly developing pricing mechanisms [140, 231-235]. As for developing pricing

mechanisms, there are mainly two types of pricing strategies. The first type is based on the clearing
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scheme. In the existing literature, there are two commonly used clearing schemes. The first type of
clearing is based on the non-cooperative game, such as [67]. The second type of clearing is based on the
auction, such as [68]. The advantages and disadvantages of the two types of existing clearing schemes
are explained as follows:

For the advantages, first, the common advantage of the two types of clearing schemes is that the end-
users have the initiatives to participate in the sharing market. To be specific, the end-users can actively
adjust their sharing strategies according to their energy demand, excess energy, and cost functions. As a
result, the costs and the demand-supply information are fully considered in the clearing process. Second,
for the clearing scheme based on the non-cooperative game, the global optima can be found in a totally
distributed fashion. With the introduced distributed transaction technology, the clearing process can be
conducted without a third party [67]. This means the end-users can purchase (sell) energy from (to) the
other end-users with their privately compromised prices [67]. Thus, the information privacy of the end-
users can be protected with limited information exchanges.

For the disadvantages, first, the non-cooperative game clearing and the auction-based clearing of
energy sharing modeled the sharing process like an energy trading process. In such a sharing scheme, the
pure consumers could participate and benefit by purchasing electricity at a relatively low sharing price
in the clearing process even if they made less contribution toward the energy sharing [48]. It would lead
to that pure consumer being less incentivized to invest in DERs so that the development of the DERs
could be hindered. Second, the end-users were directly participating in the electricity market. As a result,
they would encounter high risks due to the fluctuating sharing price. Additionally, the end-users normally
lacked the expertise in risk-hedging.

Thus, it is necessary to propose a pricing strategy to realize the insulation between the end-users and
the electricity market. Insulation means that the end-users do not directly participate in the electricity
market. Hence, the sharing coordinator is introduced to insulate the prosumers and the sharing market so
that the risks of the prosumers caused by the price fluctuation can be hedged. To this end, the second
type of pricing strategy is introduced, where the coordinator is responsible for formulating the sharing
price to realize the insulation between the prosumers and the sharing market. However, current literature
failed to shift the energy usage profile of prosumers who had similar characteristics. This is because the

individual sensitivity towards price change is neglected. Hence, a pricing strategy that can further
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incentivize the prosumers needs to be investigated.
To solve the problems, we propose an individualized pricing strategy for energy storage sharing. The
main contributions of this chapter are as follows:
= First, a two-stage pricing model for energy storage sharing has been presented based on the
clustering of different load patterns. In the proposed model, the price structure and the price level
for capacity sharing are jointly optimized.
= Second, novel concepts of bulk capacity borrowing and discount sensitivity are introduced to model
individualized pricing for the first time. Bulk capacity borrowing and discount sensitivity are
utilized to incentivize more prosumers to participate in the capacity sharing process and enhance
the sharing profits of the coordinator.
= Third, a new business mode is formulated to determine a more reasonable payment rule for energy
storage sharing. Traditionally, prosumers who are engaged in energy storage sharing will be
charged according to the net discharging at a specific time. However, in our chapter, the concept of
the capacity borrowing state is introduced, which can better reveal the essence of the sharing
economy. That means the payment rule is closely related to the time length of borrowing.

8.2 Overview of Proposed Two-Stage Pricing Framework

Stage I: Capacity-sharing coordinator
(1) Capacity- (2) Individualized
sharing prices for =+ capacity-sharing
the groups prices
[ tndividualized prices of each |

| prosumer | |

Stage II: The prosumers

|Da}.'2

Day 1
Based on the individualized prices, each prosumer decides the
charging/discharging profile

Fig. 8-1. Proposed two-stage pricing framework.

In Fig. 8-1, the proposed two-stage pricing framework is presented. In stage I, the coordinator who
operates the shared energy storage will determine the capacity-sharing price for each individual prosumer.
The coordinator will first determine the TOU capacity-sharing prices for each group based on the group
marginal costs and the risk premium. Then, after applying the concepts of discount sensitivity and bulk
capacity borrowing, the capacity-sharing price will be further individualized. Finally, the individualized
prices will be passed to stage II. In stage II, the prosumers will react to the individualized prices and

decide their charging/discharging profiles. Then the optimal profiles will be passed to the coordinator in
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stage 1. This iterative process will continue until reaching an equilibrium.
8.3 Conventional Pricing Mechanism Without Price Discrimination

Conventionally, the energy storage coordinators use equations (8.1) and (8.2) to determine the price
r for energy storage sharing. Other ESS and system constraints can be referred to [69]. The energy
storage price in the conventional pricing mechanism is the same for all the prosumers at any time of the

day. And the prosumers will be charged according to the net discharging profile at time ¢.

co co co Jit 2T gt

max NP, = R, (r)—=C (X,P)—Z'j’_:lz;cw (Pt P™) (8.1)
st R, (r)=B|[r<X 37 (Pl =P (82)

where NP, is the daily net profit of the coordinator under the conventional model; R, (l”) is the

expected daily revenue over all scenarios under the conventional model; # is the expectation function;

Ifj / def is the charging/discharging profile of prosumer j at time #; T is the total time period within a

day; J is the total number of the prosumers; C.. (X ,P) is the total daily capital cost of the

co

coordinator under the conventional model; X and P are the capacity and power of the storage devices;

cre (P]d; ,Pldf) is the operational cost for serving prosumer j at time ¢.

However, the price determined by the conventional pricing mechanism is the same for all the
prosumers, which neglects the price elasticity of prosumers. Additionally, the prosumers are charged
according to their net discharging at each time. By comparison, our pricing model individualizes the
capacity sharing prices for each prosumer based on bulk capacity borrowing and discount sensitivity.
Furthermore, prosumers will be charged according to the capacity borrowing state, which is a new
charging method that involves the time accumulation effect.

8.4 Proposed Discount Sensitivity Based on Price Discrimination

8.4.1 The Mechanism and Benefits of Price Discrimination
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Fig. 8-2. Mechanism of three degrees of price discrimination.

To customize the capacity-sharing price, price discrimination will be applied. Figs. 8-2(a), 8-2(b), and
8-2(c) show the mechanism of first-degree, second-degree, and third-degree discrimination, respectively.
In this diagram, the social welfare, coordinator surplus, and prosumer surplus are illustrated. Here, social
welfare is defined as the total extra benefit or happiness enjoyed by the prosumers (i.e., the prosumer
surplus) and the coordinator (i.e., the coordinator surplus) who feel they got a reasonable price for the
'product' being exchanged [170]. In this chapter, the product is the shared capacity. A detailed explanation
of Fig. 8-2 can be referred to as Theorem 1. In Fig. 8-2, P is the capacity sharing price; Q is the amount
of capacity borrowed by the prosumers; D is the demand curve; MC is the marginal cost; MR is the
marginal revenue; A7C is the average sharing cost of the coordinator.

Theorem 1: Price discrimination can be utilized by the coordinator to increase the net profits during
the capacity sharing process.

Proof: First-degree price discrimination: This type of price discrimination can be used when the
coordinator knows the maximum price the prosumers can accept [170]. When no price discrimination is
applied, the coordinator will use the Profit Maximization Rule, i.e., MC=MR, in economics to maximize
the profits of capacity sharing [170]. As a result, the optimal sharing amount and the corresponding
sharing price can be found at Oy and Py at an average cost of 47Cy, shown in Fig. 8-2 (a). Thus, the
coordinator surplus is (Pop-ATCp)*Qo, which is the yellow area. When first-degree price discrimination is
applied, the socially optimal amount of capacity to share is Oy, at an average cost of A7Cy,. Thus, the
coordinator surplus is the blue area plus the yellow area, which is larger than the coordinator surplus
when no price discrimination is applied. However, in practice, it is difficult for the coordinator to acquire
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the maximum price the prosumers can accept. Thus, it is not suitable for this chapter.

Second-degree price discrimination: This type of price discrimination can be used when the
coordinator wants to enhance sales by charging the prosumers less capacity-sharing price when the
prosumers borrow more capacity. When no price discrimination is applied, the coordinator surplus is
(Po-ATCp)*xQo, which is the yellow area shown in Fig. 8-2 (b) that can be derived the same way as before.
To realize second-degree discrimination, two additional capacity-sharing prices are formulated by the
coordinator. As a result, the prosumers can either borrow Q; amount of shared capacity at capacity
sharing price P; or borrow O, amount of shared capacity at capacity sharing price P, (P> < Py < P;). Here,
ATC; is the average cost to share Q> amount of capacity. Thus, the coordinator surplus is composed of
three parts. Namely, (P;-ATC2)xQ;, (Po-ATC2)*(Qo-Q1), and (P2-ATC2)*(Q2-0Qy), which is the blue area
and the yellow area that is larger than the coordinator surplus when no price discrimination is applied.
Thus, second-degree discrimination can be utilized to enhance the profits of the coordinator. A detailed
formula can refer to equation (8.17).

Third-degree price discrimination: This type of price discrimination can be applied when the
coordinator wants to encourage more new prosumers to participate in the capacity-sharing process by
charging prosumers different sharing prices according to their price elasticity. For illustration simplicity,
in Fig. 8-2 (c), there are two prosumers borrowing the capacity from the coordinator, i.e., prosumer 4
and prosumer B. It is assumed that prosumer 4 has relatively inelastic demand while prosumer B has
relatively elastic demand. The average cost of the coordinator to share Oz amount of capacity can be
found at ATCp. When no price discrimination is applied, the capacity sharing prices for both prosumer 4
and prosumer B are the same at Pp. Thus, the optimal capacity sharing amount for prosumers 4 and B
can be found at Q4pand Qs, respectively. As a result, the coordinator surplus composes of two parts: (Ps-
ATCB)*xQu0 (the yellow, green, and pink areas) and (Ps-ATCg)*Qp (the yellow and green areas). To
realize third-degree price discrimination, the capacity sharing price for prosumer B remains at Pz while
a higher price is charged for prosumer 4 at P4. Thus, the coordinator surplus includes (P4-A47Cp)*Q4 (the
yellow and blue areas) and (Pz-ATCs)xQOp (the yellow and green areas), which is larger than the
coordinator surplus when no price discrimination is applied. Thus, third-degree price discrimination can
be applied to increase the net profits of the coordinator. Detail can refer to as Theorem 2 and equation

(8.17).
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8.4.2 The Proposed Discount Sensitivity

Inspired by the economic theory of third-degree discrimination mentioned above, the concept of
discount sensitivity is introduced.

For discount rate, it is defined as the capacity sharing price reduction given to the prosumer when the
prosumer is borrowing capacity from the coordinator in a bulk amount. In other words, the more capacity
is borrowed by the prosumers, the more discounts will be given to the prosumers.

Discount sensitivity is a quantitative measure of the percentage changes in capacity borrowed by the
prosumers when there is a one percent increase in the capacity sharing discount rate, holding everything
else constant.

Theorem 2: The following relationship between the discount rate and the discount sensitivity in
equation (8.3) can ensure maximized profits for the coordinator. The discount sensitivity information
can be collected via the questionnaire, which will not be the focus of this chapter. The relationship can

be explained in equation (8.3):

Dg,j,t _ 1+[1/ff1 (Dg’q’f)]
Dyyi 141/ 1,(D,,.)]

is the discount rate for prosumer j at time ¢; fj (Dg’ j,t) is the discount sensitivity for

(8.3)

where D,

prosumer j; D is the discount rate for prosumer g who is within the same group as prosumer j;

g9t

fq (Dg, q,t) is the discount sensitivity for prosumer ¢ who is within the same group as prosumer j.
Proof of equation (8.3): Equation (8.4) ensures that MC=MR, and it illustrates the optimal
relationship of the capacity-sharing prices of prosumers j and ¢ with the price elasticities of prosumers j

and g. Replacing the price elasticity in equation (8.4) to the proposed discount sensitivity in equation

(8.3), the properties of the two equations will be the same.

L 1+(1/fq) (8.4)

Fo1(1/)
where P and P, arethe capacity sharing price of prosumers j and g within the same cluster, and detail
of clustering can refer to section V; f; and f are the price elasticity of prosumers j and g.
Deduction of equation (8.4): The relationship between the price elasticity and the capacity sharing
price shown in equation (8.4) can be found when the Profit Maximization Rule is satisfied, i.e., MC=MR

must be satisfied [170].
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As for the MR; (MR,) of the coordinator, it can be derived by taking the derivative of the total sharing

revenue curve of the coordinator gained from prosumer j (¢g) to the amount of capacity borrowed by

prosumer j (q). For illustration simplicity, let Rj(q) =Pj(q)Qj(q) , Where Rj(q) is the total sharing

revenues of the coordinator gained from prosumer  (q), Pj( is the capacity sharing price for prosumer

q)

j (q), and Qj(q) represents the capacity borrowing amount of prosumer j (¢). Then the general form of

M/( g can be written as:
MR, =P,  +0Q P _p 1L (8.5)
i(q) i(a) i(a) do " i(4) fA( ) )
J\q J\q
7 do,
where S =g X (3.6)
Qi) dryy)
where fj( 9) is the price elasticity of prosumer j (q).

As for the MC of the coordinator, it is derived by taking the derivative of the total sharing cost curve
of the coordinator to the amount of capacity borrowed by the prosumers. Additionally, the MC of serving
prosumers within different groups varies, while the MC is the same for serving prosumers within the
same group. To be specific, the total sharing costs of the coordinator include two types of costs, i.e., the
capital costs and the operational costs, which can be referred to equation (8.19). It can be found that the
capital costs and operational costs are irrelevant to the charging/discharging decision of either prosumer
j or g. However, they are related to the aggregated charging/discharging decisions of prosumers j and g
and all the other prosumers that are clustered in the same group as prosumers j and ¢. Thus, the MC is
the same for serving either prosumer j or g. Let MR;=MC, MR,=MC, then MR;=MR,, and the capacity
prices for prosumers j and ¢ are related to the price elasticities of prosumers j and g as follows:

E[l+fij:%[l+fiJ:>%:—:8;]qu; (8.7)
J q q J
8.5 Load Pattern Analysis Based on Clustering

To implement price discrimination mentioned above, the prosumers will be firstly classified into
different clusters. Currently, there are many clustering algorithms based on data-driven, such as K-Means,
Affinity propagation, Ward hierarchical clustering, Birch, etc. In this chapter, we applied the Density-

Based Spatial Clustering of Applications with Noise (DBSCAN) algorithm to the load profile clustering
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problem. It has the advantage of no need to determine the number of clustering categories K in advance
[180], and it can effectively deal with noise points [181]. Before introducing its principle, some concepts
should be defined.

Density at a point P: Number of points within a circle of radius Eps (€ ) from point P. In this chapter,
we use a rule-based method based on the k-distance graph to determine the Eps [236].

Dense Region: For each point in the cluster, the circle with radius € contains at least a minimum
number of points (MinPts).

The Epsilon neighborhood of a point P in the database D is defined as
N(p)={q€D|dist(p,q) <e}

Core point: If | N(p) > MinPts , P is a core point.

Border Point: the point has fewer neighbors than MinPts within its e-neighborhood (), but it lies in
the neighborhood of another core point.

Noise: the point is any data point, neither core nor border point. The principle of DBSCAN is

iteratively aggregating the objects that can be reached directly from these core objects. The pseudocode

of the DBSCAN algorithm is shown as [42]:

DBSCAN Algorithm Pseudocode:

main DBSCAN (D, Eps, MinPts):
mark all objects in dataset D as unvisited
=0
for (each objects P in D) do
mark P as visited
Neigh_Pts=Region_Query (P, Eps)
if sizeof (Neigh Pts) < MinPts
then Mark P as Noise
else create P as core point
C=next cluster
Expand_Cluster (P, Neigh_Pts, C, Eps, MinPts)
end
function Expand Cluster (P, Neigh_Pts, C, Eps, MinPts):
add P to cluster C
for (each point P’ in Neigh_Pts):
if P’ is unvisited
mark P’ as visited
Neigh_Pts’=Region_Query (P’, Eps)
if sizeof (Neigh Pts’) >= MinPts
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Neigh_Pts= Neigh_Pts joined with. Neigh Pts’
if P’ does not belong to any cluster
Add P’ to cluster C
end
function Region Query (P, Eps):
Return all points belonging to Eps Neighborhood of P
(including P)

Both the historical demand curves and the power generation of local PV panels/wind generators are
considered for clustering. The energy consumption pattern and the renewable resource generation of end-
users can be explored from their historical information data.

First, through DBSCAN clustering techniques, prosumers are classified into 4 types according to their
load demand patterns. In Fig. 8-3, prosumers of type 1 prefer to use electricity during the morning and
the afternoon periods. For types 2 and 3, there is only one peak load period. Regard type 4, it represents
a load pattern that is less volatile during the day. Five prosumers have been randomly chosen from each
type, which is illustrated on the right side of Fig. 8-3. Within each type, the prosumers have slightly
different load demands.

Second, the prosumers are further manually clustered according to the type of renewable resources the
prosumers have, i.e., PV generation or wind generation. Therefore, the prosumers are further classified
into 8 clusters, i.e., 4 clusters for prosumers using the PV generation and the rest 4 clusters using energy

from the wind generator.
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Fig. 8-3. Data-driven-based clustering on the prosumer load demand profiles.

There are three main reasons that we cluster the prosumers based on the load profile and the type of
renewable energy sources. First, it is more intuitive and visualized to cluster prosumers based on their
demand and renewable resource generation compared with clustering based on demand elasticity. Second,
it is easier to collect information related to the demand and PV panels/wind generation than the demand
elasticity of prosumers. This is because the demand elasticity needs to be collected based on
questionnaires to the prosumers on how they would change the capacity borrowing amount when there
is a one percent change in capacity sharing price, which might be inaccurate. Third, our pricing strategy
aims to incentivize and coordinate prosumers with complimentary usage patterns to participate in the
capacity-sharing process, which is beneficial for reducing congestion and increasing the utilization
efficiency of the shared ESS.

8.6 Proposed Two-stage Pricing Strategy
8.6.1 Stage I: Problem from the Perspective of the Coordinator

Conventionally, the energy storage sharing is charged according to the net discharging of the prosumer,

ie., P,d is —Pf il . In this chapter, a new charging method is proposed, where the prosumers will be charged
based on the capacity borrowing state e, ;. It is the accumulated net charging of each prosumer that
considers both the size of the capacity borrowed and the time length of the borrowing.

_ h
g a1 T Cg T (IZC,/J

xi" =P ™ )< At (8.8)

is the capacity borrowing state of prosumer j at time ¢; Iﬂ;, is the charging profile of

where e, 2

t

ch

prosumer j at time #; P is the charging

zjs 18 the discharging profile of prosumer ; at time #; 7

efficiency; »* is the discharging efficiency.

Compared with the conventional charging approach, the proposed method shows the advantage of
considering the time accumulation effect. When the prosumers have a longer borrowing time or a larger
borrowing capacity, they will incur a higher capacity sharing cost. Therefore, the prosumers are
compelled to return the borrowed capacity in time. As a result, the proposed method better complies with
the essence of the sharing economy, where the right of use of idle resources needs to be transferred to

those in need in time.

For the individualized pricing strategy, first, the group TOU prices of the capacity sharing will be
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derived based on the marginal costs and risk premium of the coordinator. Then, the capacity-sharing
price will be further individualized based on the proposed bulk capacity borrowing and the discount
sensitivity.
8.6.1.1 Group-based Pricing on Capacity Sharing

The group-based capacity-sharing price can be determined based on two parts, i.e., the marginal costs

and the risk premium of the coordinator [71].

Iy =1+ 89)

i
where r, . is the group capacity-sharing price of price block i, i€ NP’ (N*" is the number of price

blocks); 7,; r

; 1isthe marginal cost; #* is the risk premium determined by the profit variation of serving

all the prosumers.

The binary variable y,, that indicates the coverage of price block i is introduced to optimize the

price structure. Equation (8.10) ensures that each time ¢ exclusively belongs to a price block. For
equation (8.11), it ensures that only consecutive periods can be segmented into the same price block [66,

71]. Details are as follows:
> Veau =1 (8.10)

Ygir— yg,i,T|+ ztrzz|y‘g‘i,l ~ Vgin1| =2 (8.11)

where N”” is the number of price blocks.
The marginal cost r;ic involves the capital cost and the operational cost of energy storage sharing.

The calculation of the capital cost involves discounting the investment cost of the shared ESS to each
hour using the capital recovery factor (CRF) [237]. The equation of marginal cost of the coordinator is

shown as:
Tei =(Z,T=1 T X Veia ) / > Ve (8.12)
s =(mx G )[R+ R (8.13)

IC[nv X K

(1-1/(1+%)" )x365x 24 (G19

Cap __
C* =

Cor =2 (Pl +PS )x 2 (8.15)
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where I’gnf is the group capacity-sharing price of time #; m is the number of energy storage devices

. . . . . Oper .
invested by the coordinator; C“ is the capital cost of the energy storage at time #; Cgﬁer is the

operating cost of the coordinator at time ¢; IC™ is the initial investment cost of the shared ESS; & is
the annual discount rate; ¢ is the life cycle of the ESS; 4 is the operational fee.

As for the risk premium, it can be shown as:
rp _ 17 CVaR,mc G T ch dis
=y / YO (R RS (8.16)

where VDC;;“R’W is the daily conditioned value-at-risk (CVaR) of the coordinator, details can be referred

to equation (8.20); G is the number of clusters of the prosumers, i.c., 8 groups.
8.6.1.2 Individualized Pricing on Shared Capacity
The individualized pricing further customizes the group-based price. It has two advantages. First, it
quantifies the individual discount given to the prosumers on the energy storage borrowed. Second, it is
the first model to integrate both second-degree and third-degree discrimination, which can refer to
equation (8.17). Two concepts are applied, namely bulk capacity borrowing and discount sensitivity.
For bulk capacity borrowing: To reflect the mechanism of second-degree price discrimination, the
concept of bulk capacity borrowing is introduced. It is a strategy of the coordinator to incentivize and

engage the prosumers in the energy storage sharing by offering different price reductions according to

the different capacity borrowing state e, ,, of each prosumer j. In other words, the more capacity is

t
borrowed, the more price reductions will be given to the prosumers, which is a similar idea to bulk
purchasing in economic theory [238]. Thus, bulk capacity borrowing is related to the capacity borrowing

state e, ;. Details can be referred to equation (8.17).

Weuse 7,xe, ,

to express the price reduction given by the coordinator to the prosumer, where 7,
is the reduction coefficient that transfers the capacity borrowing state of the prosumer to the price
reduction.

As for discount sensitivity: To reflect the mechanism of third-degree price discrimination, the concept
of discount sensitivity is introduced. It is the sensitivity of the prosumers towards the price discounts on
capacity sharing. In this chapter, the coordinator will charge prosumers different prices by considering
the price discount sensitivity of each individual prosumer, which can be referred to equation (8.17).

Moreover, the discount rate and the discount sensitivity have a relationship as equation (8.3). Detailed
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proof of the derivation of equation (8.3) can refer to Theorem 2 in section IV, part B.

The individualized price based on bulk capacity borrowing and discount sensitivity is shown as:

NPE
e =2 Ve X [Vg,f x (l =Dy % f;(Dy . )) T X } 8.17)
i=1
where I”;% is the individualized capacity-sharing price.

8.6.1.3 Model for Coordinator based on Individualized Pricing

Based on the individualized pricing in equation (8.17), the coordinator will jointly optimize the

. . . . di
capacity sharing price structure y_, ~ and the price level r

;- Lhe decision variables include the group

capacity-sharing price level of price block i 7, , and the price structure of price block i y, ;.
The objective is to minimize the total costs of the coordinator, including the sharing costs and the

CVaR costs. The objective function and the related constraints are shown below:

min(Cpe, +8" x V™" ) (8.18)

where ng =m><Cg“ayp +C(Diy” (8.19)
s.t. equations (8.9)-(8.16).

c . . . . —
where CTDay is the total sharing cost of the coordinator; S E[O, 00) is the weighting factor between

the total revenue and the total cost of the coordinator, the higher the value is, the more risk-averse the
coordinator is [71].
The Conditional value-at-risk (CVaR) model is selected as the risk measurement. Compared with other

risk methods, CVaR is more advantageous due to its monotonicity and sub-additivity [239].

N +
2 (~NB, =)

VCVaR,mc — VVa{?,mc + n’ =1 820
Day Day (l—a)XNs ( )
VDVZf’mc = inf{ta | Pr[xc,f > ta} =1- a} (8.21)

VaRme . . . . .
where VDay ™ is the corresponding value-at-risk value; N* is the number of samples; NP,,, 1is the

net profit of the coordinator of a day; X is the test statistic relating to the total cost of the coordinator;
Day

t, isthe ¢t critical value at a given confidence level « .

In our model, prosumers will pay the capacity sharing fee based on the recorded capacity borrowing

state e, ., which can be referred to equation (8.8). Hence, the profit of the coordinator is:

2t ?
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Day Z/lle{gadljlxe |:1_f(gadjjz):|} C[T)Sy (822)
adj ad
S (st )=t =) st (8.23)
where f (Vg”ff’,) is the price elasticity of prosumer j; § is the price change coefficient; lf)a? is the

nominal capacity-sharing price at time .

The ESS constraints are as follows:

V= E Y (B < = P I ) At (8.24)
0< P xif" x At <mxp,, xN—E, (8.25)
N AT (8.26)

where FE istheenergy storage stateattime#; P, and P, arethe minimum and maximum charging

amount.

8.6.2  Stage II: Problem from the Perspective of the Prosumers
In stage II, based on the optimized capacity-sharing price 7, “in stage I, the prosumers will

& /st

determine the optimal electric power to charge/discharge at each time period. The prosumers can use the
DRE PV Wind
electric power generated from rooftop PV cells or wind generators P; {Pg b VteT } If the

DERs are more than the load demand, the prosumers can have two options. The energy can be stored in

the shared ESS, which will incur a capacity sharing cost of Cm The energy can also be sold to the

external grid and gain a profit of Rf. If the DERSs are inadequate to satisfy the demand, the prosumers
can first use the previously stored energy from the shared ESS. Then, if the load demand is still not

satisfied, the prosumers can purchase the energy externally from the grid by paying CJG . The energy

transaction between the grid and the prosumer is PG {P;JG,,PgSf,,Vt eT } Equation (8.27) illustrates

the power demand and supply relationship.

P =P -p" +P" —P7+PY (8.27)

gt gt gt
where [, is the load demand of prosumer  at time .

The objective is to minimize the energy procurement cost and the capacity sharing cost. The objective

function is as follows:
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(8.28)

s.t. equations (8.8), (8.25)-(8.27)

where r" is the purchasing price from the grid at time #; **"

is the selling price to the grid at time
8.7 Case Study
8.7.1 Experiment Setting

In the case study, all data are collected by the Smart Grid, Smart City project in Australia [240]. The
original data is collected every 15 minutes. However, to simplify the calculation, the time resolution is
changed to 1 hour.

Three case studies are examined:

Case 1: Base case: energy capacity sharing based on the same capacity price for all the prosumers
[69].

Case 2: TOU pricing: energy capacity sharing based on TOU pricing [71].

Case 3: Individualized pricing: energy capacity sharing based on the proposed individualized pricing
strategy.

Fig. 8-4 shows the historical daily load demand of the simulated prosumers. Five prosumers are
selected from each cluster. From left to right, every five prosumers form a cluster. It also indicates the
variance and means of the daily load demand. It can be found that #16-#20, i.e., cluster 4, and #36-#40,
i.e., cluster 8, have the lowest variance among the other clusters. This indicates the load pattern of these

prosumers is relatively stable.

—— Variance of daily load demand Historical daily load demand
(kWh) = Mean of daily load demand # Number of prosumers
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Fig. 8-4. Daily electricity usage of each prosumer.

8.7.2  Simulation Results on Energy Storage Sharing
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Fig. 8-5.  Objective convergence for stages I and 11.

Fig. 8-5 illustrates the objective convergence for stages I and II. It can be found that the initial net
profit of the prosumers is low because the initial capacity sharing price is set too high. By adjusting the
capacity sharing price to a lower level, prosumers are more incentivized to participate in the capacity
sharing process. Thus, the net profit of the prosumers is increasing. As a result, the costs of the
coordinator will increase. Generally, the cost of the coordinator in stage I and the net profit of the
prosumers in stage II are positively correlated. To incentivize prosumers to participate in capacity sharing,
the capacity sharing price is adjusted by the coordinator. As a result, the prosumers will respond to the
capacity sharing price by adjusting their charging/discharging profiles. Consequently, the net profit of
the prosumers will increase, which will lead to an increase in the operational cost of the coordinator. The
iteration continues until the equilibrium is reached, i.e., the optimal capacity sharing price and the optimal
charging/discharging profiles are obtained.

Fig. 8-6 (a), (b), and (c) illustrate the charging/discharging profiles of prosumers of the three cases.
The positive and negative values correspond to charging and discharging, respectively. It can be found
that under case 1, massive charging/discharging behaviors occur simultaneously, which is verified via
the superposition of the lines across the time scale. For example, the solid green lines and the dotted pink
lines at the time of 17:00 are intense. This phenomenon can be explained by the behavior of the prosumers
that coincides with each other to conduct either charging or discharging. Consequently, this may result
in congestion or inefficient storage usage. As for case 2, prosumers are classified into different clusters
based on the historical demand curves and power generation of local PV panels/wind generators, which
is the same clustering method used in case 3. Although the charging/discharging behavior of prosumers
is more dispersed compared with case 1, superposition still exists within each group. To further disperse
the charging/discharging behavior, the individualized pricing method is proposed and studied in case 3.

The results show that the charging/discharging behavior can be further dispersed compared with case 2.
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Fig. 8-6 (d) presents the hourly average net profit of the three cases, and the shaded areas represent the

fluctuation of each case. Among them, the proposed method has both higher net profit and lower variation

of profit.

clusterl —  cluster2
— clusterS

Charging/discharging power(KW)

8:00 12:00 16:00 20:00 0:00 4:00
Time every hour

a

9

N

e
=

8:00 12:00 16:00 20:00 0:00
Time every hour
(O]

4:00

Charging/discharging power(kW)

cluster3 cluster4

cluster6 — cluster7 — - cluster§

8:00 12:00 16:00 20:00 0:00

Time every hour

4:00

Charging/discharging power(kW)

b3

Expected net profits (AUS/hr)
ronts (2
2

0
8:00 12:00 16:00 20:00 0:00
Time every hour

(@

4:00

Fig. 8-6. Charging/discharging decision and the net profits comparison.
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Capacity borrowing state of the conventional model.

For the proposed model in Fig. 8-7, the prosumers will be charged according to the capacity borrowing

state. Fig. 8-7 (a) shows the capacity borrowing state of all the prosumers, and Fig. 8-7 (b) shows the

average capacity borrowing state of each cluster. In Fig. 8-7, the increase in the capacity borrowing state

means that the prosumers are borrowing more capacity from the shared ESS. The decrease in the capacity

borrowing state means that the prosumers are returning the borrowed capacity. Thus, the capacity

borrowing state is always non-negative in our proposed model since prosumers do not need to return the
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borrowed capacity if the capacity borrowing state is reduced to zero. It can be found that although the
prosumers have different capacity borrowing state profiles, the borrowing states of all the prosumers will
eventually reduce to zero. It indicates that the prosumers are compelled to return the borrowed capacity
in time, which is in alignment with the essence of sharing economy. Hence, the long-term occupation of
the shared capacity can be avoided because the prosumers are incentivized by the proposed pricing
strategy to return the borrowed capacity eventually. As a result, congestion in the usage of the shared
ESS can be mitigated.

By contrast, for the conventional model, the prosumers will be charged according to the net
discharging profile at time ¢, which can be referred to section III [69]. When the prosumers charge
electricity to the shared ESS, the coordinator will pay the prosumers. On the other hand, when the
prosumers are discharging electricity from the shared ESS, the coordinator will get paid by the prosumers.
Thus, the whole process is modeled as a trading process rather than sharing. In order to compare the
conventional model with our proposed method, the capacity borrowing state is also calculated according
to equation (29). Fig. 8-8 (a) shows the capacity borrowing state of all the prosumers under the
conventional model, and Fig. 8-8 (b) shows the average capacity borrowing state of each cluster. In Fig.
8, it can be found that some prosumers continuously charge electricity to the shared ESS while others
continuously discharge electricity from the shared ESS. Therefore, the capacity borrowing state profiles
appear to be a dispersed shape. In such a mechanism, the pure consumers can participate and benefit by
purchasing electricity at a relatively low sharing price even though they contribute less to the sharing
process [48]. As a result, the conventional sharing mechanism achieves higher savings for the pure
consumers at the cost of the prosumers with DERs, which is unfair for the prosumers. In comparison, the
introduction of the capacity borrowing state in our proposed model incentives the consumers to invest in

DERs so that they can better be engaged in the proposed sharing mechanism.
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Fig. 8-9. Individualized pricing on PV-based prosumers.
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Fig. 8-9 shows the individualized price structure and price level of PV-based prosumers. The
prosumers within clusters 1-4 use PV cells to generate electricity, and the load patterns are illustrated in
Fig. 8-3 involving double-peak (one in the morning, another in the afternoon), a single peak in the
evening, a single peak in the morning, and a flatter one. By applying customized pricing, clusters 1-4
have different capacity-sharing price levels and price structures. Although each prosumer numbered from
1 to 20 is priced differently, the prosumers within the same cluster have the same price structures.

Fig. 8-10 shows the individualized price structure and price level of the wind-based prosumers. The
prosumers within clusters 5-8 utilize energy from wind generators, and the load patterns are the same
four types mentioned above. By applying customized pricing, clusters 5-8 have different capacity-sharing
price levels and price structures. Although each prosumer numbered from 21 to 40 is priced differently,
the prosumers within the same cluster have the same price structures. Furthermore, compared with PV-

based prosumers, the price level within each cluster is more volatile.

user21 — user22 — user23 — user24 — user25 —user26 —user27 —user28 —user29 — user30
6

clusterS cluster6

]

=

4

:_ J‘_,_‘_|_ - 2

§

1:00  5:00  9:00 13:00 17:00 21:00

user31 —user32 — user33 —user34 —user35
cluster?7

1:00  5:00  9:00 13:00 17:00 21:00

user36 —user37 — user38 — user39 — user40
cluster8

Individualized shared capacity price (AU$/MWh)
= IS 3
IS

_l_
2 2 I
1 | S
il | ‘,:I === b F,
1:00  5:00  9:00 13:00 17:00 21:00 1:00  5:00 9:00 13:00 17:00 21:00
Time every hour Time every hour
Fig. 8-10. Individualized pricing on wind-based prosumers.

8.7.3 Effectiveness Evaluation

Fig. 8-11 compares the energy storage usage efficiency of the self-sufficient model where prosumers
purchase their own ESS and the model where the ESS is managed by the coordinator. For the self-
sufficient model, it means prosumers purchase energy storage devices individually. By contrast, the
capacity sharing model encourages prosumers to borrow the capacity from the shared ESS managed by
the coordinator (i.e., cases 1-3). It can be found that the state of charge of the self-sufficient model has
lower capacity usage efficiency compared with the coordinator-facilitated sharing model. For example,
the usage efficiency of user 31 in the self-sufficient model from 12:00 to 16:00 is lower than 20%. By

contrast, the lowest efficiency of the three cases mentioned above is more than 30%. Additionally, the

proposed sharing model ensures a higher storage usage efficiency compared with cases 1 and 2.

187



userl —user6 userll

userl6 ~—user21 user26 ——Case 1 Case 2 -=-Case 3
90% §
I —user31  ---user36
o]
E] 90% — T
o ¢ o ,:"-\_,.’ A \m
4 e A \ Na
° 60% == \
e A /“s-m\.
£ 0% & .
0% 0%
8:00 12:00 16:00 20:00 0:00 4:00 8:00 12:00 16:00 20:00 0:00 4:00
Time every hour Time every hour

Fig. 8-11. SOC efficiency of the self-sufficient model and the sharing model.

Except for the normal evaluation approaches, such as expected net profits and variance, the coefficient
of variation (CV) is introduced in Table 8-1 to compare one data series to another when the means of the
data series are varied [241]. Since the scale of each case is varied, the CV is a suitable criterion to compare
the risks of the three cases. It is calculated as the ratio of the standard deviation of the net profits of the

coordinator divided by the expected net profits of the coordinator, which can be shown as
CV =o(NB,, )| B(NB,, ).

Table 8-1 shows the simulation results from the perspectives of the whole community, including the
coordinator side and prosumers side. For the coordinator, the results indicate that both the daily sharing
revenue (693 AUS) and net sharing profit (551 AUS) of case 3 is higher than in the other two cases. As
for the risk analysis, case 3 incurs the lowest variance and CV, which indicates that the profit variation
risks of the coordinator are the lowest. Furthermore, case 1 results in the largest discounted daily capital
cost. This is because when the charging/discharging profiles of the prosumers are similar, the coordinator
needs to invest more to have a larger energy storage capacity to satisfy the peak charging/discharging
demand. On the contrary, for case 3, the charging/discharging behavior of the prosumers is more
dispersed than in either case 1 or case 2. As a result, fewer storage devices are invested, and the
discounted daily capital cost is smaller compared with the other two cases. However, as more prosumers
are involved, the operational cost under case 3 is larger than that under the other two cases.

For the simulation results of Table 8-1 from the perspective of the prosumers, the energy cost is the
lowest for case 3 at 27 AUS per day compared to the other two cases. Another indicator is the self-
sufficiency ratio. It is a ratio to indicate the degree of utilization of the DERs to satisfy load demand
within the community of the coordinator and the prosumers. To be noted, the excess energy stored in the

shared ESS for future use is also accounted for self-sufficiency. And it can be expressed as
SSR = (Epy ) ina + Epiy )/EL , where FE,,, .. 1s the aggregated renewable energy; FE,  1is the
aggregated electric power from the energy storage devices that are discharged to satisfy load demand;
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E, is the aggregated load demand [138]. It can be found that the SSR of case 3 is improved to 65%,
which is 20% and 8% higher than case 1 and case 2, respectively. This is because more prosumers are
incentivized to store their excess renewable energy in the shared ESS rather than directly sell it to the
utility grid.

In Table 8-1, it can be found that the net profit of the coordinator is the highest at 551 AUS$, and the
energy cost of the prosumers is the lowest at 27 AUS. Thus, social welfare is increasing. This is because
the individualized capacity sharing price can incentivize more new prosumers to participate in the sharing
process and reduce energy procurement from the utility grid. As a result, the increase of profits of the
coordinator is not at the cost of reducing the prosumer surplus. Instead, it is at the cost of reducing the
electricity selling revenues of the utility grid. Thus, a win-win situation between the coordinator and the

prosumers can occur.

TABLE 8-1. COMPARISON OF DIFFERENT CASES BASED ON GAINS AND RISKS FROM THE PERSPECTIVES OF THE COORDINATOR

AND THE PROSUMERS
Case 1 Case 2 Case 3
Revenues Expected revenues 557 Expected revenues 606 Expected revenues 693
Capital costs 93 Capital costs 84 Capital costs 72
Costs
Operation costs 57 Operation costs 64 Operational costs 70
Expected net Expected net Expected net
Coordinator Net profits 407 458 551
profits profits profits
Variance 299.85 242.17 196.37
Coefficient of
0.0426 0.0340 0.0254
variation
Energy costs 52 38 27
Prosumer
Self-sufficiency 45% 57% 65%

Fig. 8-12 evaluates the relationship of the price change coefficient § in equation (8.23),

o . . . . di
individualized capacity-sharing price r

s+ and capacity borrowing state ¢,

, of the prosumer. The

shaded areas of the green and red lines are the variation range of all the prosumers simulated. It can be

found that an increase in price reduces the capacity borrowing state e, ;that means prosumers will

respond to an increase in price by reducing the usage of the shared capacity, and vice versa. This
relationship is presented by the green line. For the red line, § =1.1 is the critical point in this chapter.

When 5 is larger than 1.1, the capacity-sharing price decreases and e, ;, increases to a point (e1, P1).

t

decreases

On the contrary, when & is smaller than 1.1, the capacity-sharing price increases and e,
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to a point (ez, P2).

8.7.4  Sensitivity Analysis
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Fig. 8-12. Relationship between coefficient of price change, capacity borrowing state, and capacity sharing price.
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Fig. 8-13. CVaR and net profits of coordinator with varied weighting factors.

Fig. 8-13 illustrates the change of CVaR and net profits of the coordinator when 4”¢ varies in each
scenario. From scenarios 1 to 5, A" increases from 0 to 1000. When g "¢ increases, it indicates that
the coordinator is more risk-averse [71]. Thus, CVaR moves in the opposite direction with g"°.

8.8 Discussion

Expected net profits of the coordinator Coefficient of variation
(AUS) 0.06
600 550.85
457.97 0.043
406.54 0.04 0.034
400 0.025
" " .
0 0
Ref. [13] Ref. [15] Proposed Ref. [13] Ref. [15] Proposed
Energy costs of the prosumers (AUS) Self-sufficiency
60 5 90%
69%  61% 65%
40 38 60% 15 57%
24 25 2 >
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0 0%
Ref. [10] Ref. [12] Ref. [13] Ref. [15] Proposed Ref. [10] Ref. [12] Ref. [13] Ref.[15] Proposed

Fig. 8-14. Comparison of different references with the proposed model.

To further discuss the effectiveness of the proposed pricing strategy, two types of pricing strategies
are compared in Fig. 8-14. The first type is based on the clearing scheme, which includes the pricing

strategy based on the non-cooperative game as [67] and the auction-based pricing strategy as [68]. The
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second type of pricing strategy is formulated by the sharing coordinator that can realize the insulation
between the prosumers and the sharing market. It includes the fixed pricing strategy that is the same for
all the prosumers as [69], the TOU pricing strategy sets different prices for different groups of prosumers,
as [71], and the proposed individualized pricing strategy.

From the perspective of the coordinator, it can be found that the proposed model has the highest
amount of net profit, reaching 550.85 AUS$ per day. This is because the individualized price fully
considers the discount sensitivity, price elasticity, and demand of the prosumers. Thus, it can incentivize
more new prosumers to participate in the sharing process. As a result, the sharing profit of the coordinator
will increase. By contrast, using the fixed pricing strategy in [69] results in the lowest net profit for the
coordinator. This is because the electricity usage behavior of the prosumers is ignored. As a result, the
prosumers are less incentivized to participate in the sharing process under the same sharing price. Thus,
the sharing profit of the coordinator is reduced. For the CV value of the coordinator (detailed definition
can be referred to section VII, part C), the proposed model has the lowest CV value of 0.025. This means
the individualized pricing strategy can ensure the coordinator has the smallest profit fluctuation. However,
using the fixed pricing strategy of [69] results in the highest CV value at 0.043.

From the perspective of the prosumers, it can be found that the energy cost of using the clearing-based
pricing strategies, i.e., the non-cooperative game and auction-based pricing [67, 68], is the lowest. This
is because the prosumers can have the initiatives to participate in the sharing market by actively adjusting
their sharing strategies according to their energy demand, excess energy, and cost functions. As a result,
the cost and the demand-supply information are fully considered in the clearing process. Thus, the
prosumers are incentivized to participate in the sharing process to store the excess energy for later usage,
which is cost-saving for the prosumers. Although the energy cost of our model is higher than using the
clearing-based pricing strategy, our model can insulate the prosumers from the risky sharing market (i.e.,
price volatility in the market). This is because the prosumers normally lack risk-hedging and bidding
knowledge. Additionally, the energy cost of our model is lower than using the method of [69] and [71].
As for the self-sufficiency ratio, it can be found that the self-sufficiency ratio using the clearing-based
pricing is the highest. This is because the prosumers will reduce the energy procurement from the grid.
For our model, the self-sufficiency ratio is lower than using the clearing-based pricing strategy but higher

than using the pricing strategies of [69, 71].
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Although the energy costs of the clearing-based pricing strategy are lower and the self-sufficiency
ratio is higher compared with the proposed pricing strategy, the proposed pricing strategy is more
advantageous in hedging the risks caused by price fluctuation, as shown in Fig. 8-15. In Fig. 8-15, it can
be found that the variance in energy cost of the clearing-based pricing strategies of [67, 68] is 0.125 and
0.09243, respectively. By contrast, the variance in energy cost of the coordinator-based pricing strategies
of [69, 71] and the proposed pricing strategy is lower, at 0.07639, 0.04222, and 0.02021, respectively. It
indicates that the prosumers will encounter higher risks in the energy market under the clearing-based
pricing strategy. To be noted, the presented results assume that the prosumers have risk-hedging
knowledge, so risk control is considered in the analytical model. However, in practical practice, the
prosumers normally lack the expertise/knowledge of risk-hedging. As a result, the variance of energy
costs might be even higher than the presented results in Fig. 8-15. On the other hand, the coordinator as
a corporation has better knowledge of risk-hedging than the prosumer as an individual. Therefore, the
coordinator-based pricing strategy can better hedge the market risk for the prosumers via insulating the
prosumers from the risky sharing market. Moreover, compared the proposed method with the other
coordinator-based pricing strategies [69, 71], the proposed pricing strategy results in the lowest energy
costs. Hence, the proposed pricing strategy not only can save energy costs but also can hedge risks for

the prosumers compared with cases 1 and 2.
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Fig. 8-15. Energy cost volatility comparisons from the view of the prosumers.

8.9 Future Works and Conclusions

The proposed work can be further extended in two aspects. First, the work can be extended by
integrating both capacity sharing and energy sharing, in which the prosumers can either borrow capacity
or energy from the coordinator. Second, an integrated energy sharing system, including both electricity
sharing and hydrogen sharing, can be developed. Future works can be focused on two aspects. First,

besides the cost-based pricing strategy, i.e., marginal costs plus premium, a pricing strategy that
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incorporates more dynamic demand information can be developed. Second, we can consider using an
advanced DBSCAN algorithm, such as adaptive DBSCAN, to choose the Eps automatically [242]. In
this way, artificial intervention in the clustering process can be avoided, and the complete automation of
the clustering process can be realized. Besides, data mining on the characteristic identification of the
prosumers, including the demand elasticity, electricity usage habits, and sociodemographic
characteristics, can be further realized. Based on these features, a refined clustering of the prosumers can
be realized to help the coordinator formulate a more reasonable pricing strategy.

To conclude, a two-stage pricing model for energy capacity sharing has been presented based on the
clustering of different net load patterns of prosumers. Both the price structure and the price level of the
capacity-sharing price for individual prosumers are optimized. Novel concepts of bulk capacity
borrowing and discount sensitivity are proposed to individualize the capacity-sharing price. Simulation
results indicate that compared with the conventional pricing and time-of-use pricing, the proposed
individualized pricing not only increases the net profits of the coordinator but also increases the
efficiency of storage usage. Additionally, the risks measured by the coefficient of variation are reduced,
which means proposed pricing can ensure more stable sharing profits for the coordinator. Furthermore,

the individualized pricing strategy can result in lower energy costs for the prosumers.
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9. CREDIT-BASED PRICING AND PLANNING STRATEGIES FOR

HYDROGEN AND ELECTRICITY ENERGY STORAGE SHARING

With the increasing penetration of intermittent renewable resources, the energy demand is more
Sfluctuating. Thus, the concept of energy sharing is brought up to smooth the energy demand of the
prosumers and to ensure system stability. In this chapter, a two-stage credit-based sharing model
between the coordinator who manages the shared energy storage system (ESS) and the prosumers who
borrow the capacity and energy from the coordinator is presented. Both capacity and energy sharing
are integrated via the proposed credit-based sharing model. As for energy sharing, two forms of energy
are considered: electricity and hydrogen. In addition, both cost-based and demand-based pricing
strategies are introduced to customize the sharing prices so that the coordinator can obtain larger net
profits and the prosumers can reduce their energy purchase costs. According to the simulation results,
the proposed model is beneficial for both the coordinator and the prosumers. For the coordinator, the
net profits can be enhanced, and the storage usage efficiency has been increased from an average of 39%
to 62% compared with the conventional model. From the perspective of the prosumers, the self-
sufficiency ratio and the willingness-to-participate ratio are increased by 14.5% and 20%, respectively,
compared with that under the conventional model. Moreover, it is cost-saving for the prosumers to
participate in the credit-based sharing process.
9.1 Introduction

The installation of distributed energy resources (DERs), such as rooftop PVs, is promising in reducing
greenhouse gas emissions [39]. However, the power generated by the DERs is intermittent, which will
cause system stability and security issues [40]. Thus, the energy storage system (ESS) is implemented to
smooth the power generation. The benefits of the battery energy storage system (BESS) have been well
recognized in terms of generation backup, transmission alleviation, voltage control, frequency regulation,
etc. Apart from BESS, the power-to-gas (P2G) is also a promising ESS technology since the process of
electricity-hydrogen conversion is carbon-free if electricity is from renewable energy [55, 56]. P2G
devices can convert excess electricity into hydrogen through water electrolysis, and the energy is stored
in the form of gas. Then, the gas can be converted back to electricity by the installed gas generators and
fuel cells when needed [34]. Therefore, applying the P2G as an additional ESS can increase the flexibility

of the integrated multi-carrier energy system and provide the customer with reliable services.
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As one form of energy, hydrogen offers an opportunity for sector coupling between the electricity, gas,
and transport sectors. According to [82], hydrogen is a versatile energy carrier that can be served as an
input into a range of industrial processes. The application of hydrogen can enable deep decarbonization
across the energy and industrial sectors. Hydrogen can also facilitate the transition to high penetration of
intermittent renewable generation in the electricity network. Moreover, governments are putting more
emphasis on the application of hydrogen. The Australian government formulates a series of development
strategies for the hydrogen industry [82]. The National Hydrogen Roadmap report of the Commonwealth
Scientific and Industrial Research Organization (CSIRO), Australia, states that the most significant near-
term opportunity is blending hydrogen into the existing natural gas network for heating systems in
buildings [82]. With the advancement of the P2G technology in the future, excess renewable energy
could be economically stored on a large scale in the form of gas (natural gas or hydrogen).

However, the capital costs of the ESS are still expensive at this stage. To reduce the investment costs,
the concept of energy storage sharing has been put forward. As a result, it is more economical for a group
of prosumers to share the ESS invested and managed by the coordinator rather than investing in the self-
built ESS [73, 74]. Thus, to adapt to the increasing trend of sharing economy, proper sharing mechanisms
and relevant pricing strategies in an integrated energy system need to be developed to enhance the
comprehensiveness of the sharing model.

In the literature, some references focused on the operation strategy in an energy-sharing market. For
example, [46, 135-137]. Apart from the operation strategy, some references investigated the pricing
strategy in the energy-sharing market. For example, [72, 138, 139] There is also literature focused on the
operation strategy of capacity sharing, such as [47, 69, 140]. Except for operational strategy, some
literature studied the pricing strategy for capacity sharing. For example, [68-70]

There are still three issues that remain unaddressed in the existing literature. As for the first issue, most
of the references did not reveal the essence of the sharing economy. For example, refs [46, 47] modeled
energy sharing as an energy trading process. In such a trading process, pure consumers could participate
and benefit from the sharing economy by purchasing electricity at a relatively low price [48]. However,
they made less contribution toward energy sharing. It would result in the end-users being less
incentivized to invest in DERs. As for the prosumers, they were also less incentivized to participate in

energy sharing. Furthermore, the current literature lacked the link between capacity and energy sharing.

195



It is expected to formulate a method that can integrate both sharing services. For the second factor, the
existing literature on energy sharing utilized the same sharing price for all end-users. It neglected that
different end-users had different energy consumption profiles. Consequently, using the same sharing
price could not incentivize individual end-user, for example, in [28, 69, 78], the same sharing price was
formulated for all the prosumers, which was derived via the optimization process. Without applying a
customized pricing strategy, the prosumers would not be willing to participate in the sharing process.
Furthermore, the pricing strategy of these references did not make use of the dynamic demand-supply
information, such as [69, 72]. Such a pricing strategy would reduce the profit of the coordinator [141].
For the third factor, most of the references only considered the virtual layer of the sharing process, i.e.,
the pricing strategy, the operation management, the incentivizing mechanism, etc., whereas the physical
layer of the sharing process was ignored. For example, [69, 138, 139] neglected the voltage and capacity
constraints and network power loss. Thus, these references cannot ensure the security of the power
system in the sharing process.

Therefore, in this chapter, we propose credit-based pricing and planning strategies for capacity and
energy sharing. The coordinator will invest and manage the ESS, while the prosumers will borrow the
capacity and energy from the coordinator. The main contributions are as follows:

=  First, a novel business model of credit-based sharing has been proposed to integrate both capacity
sharing and energy sharing. The time accumulation effect has been considered via the proposed
credit points, which can better reveal the essence of the sharing economy. Additionally, the payment
rule is closely related to the time length and amount of the shared capacity and the shared energy
that the prosumers borrow. When the credit is positive, the prosumers borrow the capacity of the
ESS managed by the coordinator; when the credit is negative, the prosumers are borrowing the
energy from the ESS either in the form of electricity or hydrogen.

=  Second, two pricing strategies have been proposed to increase the total net profits of the coordinator
and the willingness of the prosumers to participate in the sharing process. Customized pricing
strategies are applied to capacity and energy sharing, respectively. When the credit is positive, the
proposed cost-based pricing is applied to determine the price of the shared capacity; when the credit
is negative, the proposed demand-based pricing is applied to determine the price of the shared

energy, which has fully utilized the dynamic demand-supply information.
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=  Third, the energy storage system planning model is proposed. Physical constraints on ESS planning
are considered to enhance the security of the power system. Additionally, integrated energy systems,
including both the electricity network and the gas network, are examined. A 55-bus electricity
network coupled with an 18-bus gas network has been employed to test the effectiveness of the
credit-based sharing model.
9.2 The Framework of the Two-stage Credit-Based Sharing Model
9.2.1 Explanation of the Two-stage Sharing Process

In this chapter, the coordinator and the prosumers are the main participants in the capacity-sharing and
energy-sharing process. In the proposed sharing framework, both electricity and hydrogen are involved.
As mentioned in the introduction section, the utilization of hydrogen is increasing due to its feature of
reducing greenhouse gas emissions. Additionally, hydrogen has a promising future to enhance energy
flexibility. With the advancement of the P2G devices, excess renewable energy could be economically
stored on a large scale in the form of gas. Thus, according to [78], a multi-carrier energy system can
increase the flexibility of the energy system, provide the prosumers with reliable services, and reduce the
transmission burden of the utility grid.

It is assumed that one coordinator manages the shared ESS and provides sharing services to a cluster
of prosumers denoted by J ={1,2,...j,...J} . The coordinator intends to maximize the profits within a
day. A two-stage optimization problem between the coordinator and the prosumers is formulated. A
detailed explanation is presented in Fig. 9-1:
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Fig. 9-1. The framework of the two-stage sharing process.

Stage I: The objective function of the coordinator in stage I is to maximize the daily net profits of the

coordinator incurred during the energy sharing and capacity sharing process, which can be referred to
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(9.15). Three decisions need to be made by the coordinator in this stage. First, the coordinator will

determine the optimal planning of the shared ESS, i.e., the location and capacity of the ESS. Second, the

coordinator will determine the capacity sharing price 2% and energy sharing price 17" based on the
credit point I',, of each prosumer. The credit is calculated according to the capacity and energy
borrowing profile of each prosumer sent from stage I1. Third, the coordinator will decide the amount of
energy to trade with both the electricity grid and the gas grid. Finally, the capacity and energy sharing
prices are transferred to stage II.

Stage 1I: The objective function of the prosumers in stage II is to minimize the capacity sharing and
energy sharing costs, electricity purchasing costs, and hydrogen purchasing costs, which can be referred
to (9.40). Two decisions need to be made by the prosumers. First, the prosumers will determine the
capacity and energy borrowing profiles based on the sharing prices 4% and 47 provided by the
coordinator in stage I [185]. The borrowing profiles include the electric power charged to the battery
devices from prosumer j p/«<, the electric power discharged from the battery devices to prosumer j
pPdr the electric power delivered to the electrolyzer from prosumer j p/?¢», and the hydrogen
outflow from the P2G devices to prosumer/ g”>¢-**» . Second, the prosumers will determine the electric
power to purchase from the electricity grid p#'*-*¢ , the electric power to sell to the electricity grid

PF#¢, and the amount of hydrogen to purchase from the gas grid g¢”:-*¢ . Finally, the capacity and

energy borrowing profiles are transferred to stage 1.
9.2.2 The Proposed Credit-Based Sharing Model

To standardize the amount of capacity occupied and the amount of energy shared, a credit-based
sharing mechanism has been proposed. In this mechanism, the credit is a score that the coordinator
records for each prosumer regarding their accumulated borrowing decision on either capacity or energy.
The time accumulation effect has been considered via the proposed credit point T, which means it is
closely related to the time length that the prosumers borrow the shared capacity and the shared energy.
The equation relating to the credit is:

rj,t+l _ rj’t +( [;ﬁat,chp % nBat,ch _ ]_)jiat,disp / nBat,dis ) < At

2G,chp P2G,ch _ _P2G.disp P2G,dis
(PO 0t = g [ e

(9.1)

where T, is the credit points of prosumer j at time #; & is the unit conversion factor that converts GJ

to MWh; gz (%4 ) is the charging (discharging) efficiency of the battery devices; 7”2¢"
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(7?94 ) is the efficiency of the P2G devices.
Axiom 1: When T',, >0, it means the prosumers are using the capacity of the ESS. This is similar to

borrowing a storage locker. The costs of borrowing the shared capacity ¢ are influenced by the

amount of capacity borrowed and the amount of time occupied where Cc“ = ijl z;(r X ﬂjcf )+ .
Axiom 2: When T, <0, the prosumers are borrowing energy from the coordinator in the form of either
electricity or hydrogen with w 'I* +w "> =1 (where w *'* and w - are the proportion of the energy
demanded by the prosumer in the form of electricity and hydrogen) [243]. This can be compared to
borrowing money from the bank. Prosumers pay the borrowing fee to the coordinator for borrowing a

certain amount of energy. The payment is no longer needed when the prosumers have returned the same

amount of energy to the coordinator (T, ,=0). The energy borrowing costs ¢** are also influenced by

J T +
the energy borrowed and the borrowing time length where C™" = ZH ZH(—F. it X/”tfﬁv) .

9.2.3  Brief Comparison of the Proposed Model with the Conventional Sharing Model

The detailed mechanism of the conventional sharing model can be found in the following section, i.e.,
section IV, part A [69]. The proposed model differs from the conventional sharing model in the following
three aspects:

First, in the conventional sharing model [69], only the capacity sharing process is considered. Whereas
in the proposed model, both energy sharing and capacity sharing are integrated via the proposed credit-
based sharing model.

Second, conventional sharing modeled the sharing process like a trading process. In the proposed
model, the process of sharing is emphasized with a return of the shared capacity and shared energy, which
reveals the sharing economy.

Third, the price of shared energy is derived directly via the optimization process under the
conventional model. By comparison, in the proposed model, two pricing strategies are used to customize
the prices of the shared energy and the shared capacity. As a result, both the net profits of the coordinator
and the willingness of the prosumers can be enhanced.

9.3 The Proposed Credit-based Pricing Strategy
9.3.1 Conventional Pricing Model
Conventionally, the coordinators will use equations (9.2) and (9.3) determine the price of the capacity

sharing with the aim of maximizing the net profits [69]. It is the detailed model of case 2 mentioned in
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section VIII, part A. Equation (9.3) is the capacity-sharing revenue of the coordinator under the
conventional model. The revenue of the coordinator equals the capacity sharing price multiplies the net
charging profile of the prosumers. It can be found that all the prosumers are charged with the same

capacity sharing price [69]. The formulae are shown as follows:

max NP, =R, (47)-Co (X, P)-C2” (P, PY) 9.2)

Jit2T gt

st k() B| S 3 4 (ot -2 ©3)

.
I
I

where R, (/@CA) is the total revenues of the capacity sharing under the conventional pricing model;

A4 is the capacity sharing price; Py is the charging profile of prosumer ; at time 7 P is the

discharging profile of prosumer j at time #; 7 is the total time periods within a day; J is the total
numbers of the prosumers; ¢ (x,p) is the daily capital costs of the coordinator under the
conventional pricing model; X and P are the capacity and power scheduling of the prosumers;

corer ( Pt P ) is the daily operational costs of the coordinator under the conventional pricing model,;

NP, is the daily net profits of the coordinator under the conventional pricing model.
9.3.2 Proposed Cost-Based Pricing on Shared Capacity

In this section, the cost-based pricing strategy is proposed to derive the capacity sharing price due to
the following two advantages of this pricing strategy. First, the capacity sharing market is a relatively
new research area. As a result, the demand-supply information of the market is unrepresentative. Thus,
it is inappropriate to price the shared capacity from the perspective of the prosumers by using the demand-
based pricing strategy. Second, the cost-based pricing strategy can guarantee a positive profit for the
coordinator [244]. This is because the mechanism of cost-based pricing is to determine a price that not
only covers the capacity sharing costs of the coordinator but also facilitates the coordinator to earn extra
profits, i.e., the premium, during capacity sharing.

A binary variable y, . isused to optimize the time-of-use (TOU) price structure, and it indicates the
coverage of the price block i. In this chapter, the TOU price is utilized. There are several price blocks in
the TOU pricing, and each price block has a different price level and time duration. The TOU pricing
strategy should be subject to equations (9.4)-(9.5). Equation (9.4) aims to ensure that each time period
belongs to only one price block. Equation (9.5) indicates that only consecutive time periods can form a

price block [71].
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Zyj,[,l =1 (94)
i=1

T
Vit = Viir | + Z|yj,i,t Vil = 2 (9'5)

t=2

where y,, is the binary variable utilized to optimize the TOU price structure; N " is the number of
price blocks

The capacity price is assumed to compose of two parts: the marginal costs 4™ incurred during the
capacity sharing process and the price premium of capacity sharing ¢,. In some practice, the price

premium is normally empirically determined by the decision-maker according to the required rate of

return. However, in our proposed method, the optimal price premium ¢, is obtained by solving an
optimization problem rather than the empirical setting. The expression of the capacity sharing price is

explained below:
A4 = ]E( Ve x[ A x(1 +5,)]) (9.6)
where 44 is the capacity sharing price for prosumer ; at time ¢.

The marginal costs can be derived as follows:

(CBat+P2G,cap + CBat+P2G,0per )
me __ 4 3
A== 9.7)
Bat ,chp P2G,chp
(P + B0 )x
Jj=1
where C’EuI+P2G.cup - A (#Em % IC P + ypzc; x IC ch) (98)

J J
CtBaHPZG,oper — Z (Pf;mdlp + ])jﬁal,dmp )X l9341[ + Z |:P/.1;2G,php + (g;’jG,dmp % a):| x ;9P2G (99)
. =

Jj=1

where C/'*?%cr s the discounted hourly capital costs of the battery and P2G devices; € *"¢-orer

Bat P2G

is the operational costs during the capacity sharing process; 4”* and "¢ are the total number of the

battery and P2G devices that are installed; 7C** and IC™“ are the investment costs per battery and
P2G devices; A is the discount factor that discounts the capital costs of the ESS into every ¢ period;
F“ and 9"%° are the operating costs per battery and P2G devices.
9.3.3 Proposed Demand-Based Pricing on Shared Energy

Different from the pricing strategy on shared capacity, a demand-based pricing strategy is proposed to
determine the price of the shared energy [245]. The advantages of this pricing method are also two-fold.
First, demand-based pricing is suitable for pricing shared energy. Energy sharing is widely studied in the

existing literature, such as [46, 136, 246]. Thus, the energy sharing market is relatively more mature than
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the capacity sharing market. Therefore, information on the energy demand and energy supply is
representative and can reflect the genuine value of the shared energy. Second, demand-based pricing can
dynamically respond to the demand-supply variation. It is a pricing strategy that is based on demand-
supply information, which can reflect the market information on a timely basis. Compared with cost-
based pricing, demand-based pricing can prevent the coordinator from selling at too high a price that is
unattractive to the prosumers or selling at too low a price, which results in losing profits of the coordinator
that prosumers would otherwise have been willing to pay.

Here, the concept of supply-demand ratio SDR, is applied to reflect the dynamic demand-supply
information. It is a ratio calculated by dividing the amount of energy supply at time ¢ by the total amount
of energy demand at time # [138, 247]. By adapting to the proposed sharing model, it can be found in
equation (9.10) that the energy supply means the energy available from the energy storage devices (both
the P2G and the battery devices) managed by the coordinator. Additionally, energy demand is the energy

borrowing amount of the prosumers. The expression SDR, can be shown as:

(EB“’ + 8P X LHV xM™! )

SDR, = (9.10)
Z(PBat Jdisp +g P2(J Jdisp Xa)XAt
Jj=1
EM =Y EX (9.11)
keK
A W 9.12)

qeQ
where E’“ is the energy storage state of the battery devices at time #; £/« is the energy storage state
of the battery devices at bus & at time #; §>¢ is the energy storage state of the P2G device at time £

M is the molar volume of gas (L/mol); LHV" is the lower heat value of the hydrogen (GJ/Mol);

§r:¢ is the energy storage state of the P2G device at bus ¢ at time 7.

Although our proposed pricing model for energy sharing is empirically adopted, it is based on a
reasonable theoretical basis. The rationale for using SDR, is that the relationship between price and

SDR, is inversely related, which is based on empirical experience and relevant economic theory [248].
To be specific, the increase of SDR, will reduce the energy sharing price 2”. However, when SDR,
approaches infinity, the energy sharing price is not lower than the selling price to the utility grid 2% .
Otherwise, the coordinator will lose incentives to provide energy-sharing services. On the contrary, the

decrease of SDR, will increase the energy sharing price A% . However, the energy sharing price will
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not be higher than the purchasing price from the utility grid 4. Otherwise, the prosumers will lose
incentives to participate in energy sharing. Additionally, when SDR, =0, the energy sharing price equals
the energy purchasing price 1. Moreover, when SDR, =1, the energy sharing price equals the energy
selling price to the utility grid A7 plus a compensating price . Here [ is the compensating
price that is used to ensure that the coordinator is incentivized to share energy. Thus, the energy sharing
price is bounded by a range [ 4755, A™'].

Thus, the relationship between the energy sharing price and SDR, can be shown as (9.13)-(9.14)
and illustrated in Fig. 9-2, which can refer to [138, 247]. A detailed deduction can be referred to [248].
To be noted, since the prosumers can purchase both electricity and hydrogen from the utility grid, the

weighted purchase price from the utility grid is formulated as (9.14).

(;LELE,SG +,3)></1b“y
(ﬂbuy _}LELE,[SG —,B)SDR _:_/IELE,SG 8 0<SDR <1
C o 9.13)
prese y P SDR >1
SDR,
ﬂtbuy — (WftLE X}%ELE,BG +W,i[,{tz X/IIHZ,BG) (9.14)

where 2% is the energy sharing price for prosumer j at time #; 1% is the weighted ener: urchasin
i1 gy gp p J " g gy p g

price; AFFEC (4FF59) is the energy purchasing (selling) price in the electricity grid; A:#¢ is the
hydrogen purchasing price in the gas grid; / is the compensating price that is used to ensure that the

coordinator is incentivized to share energy; w /* and - are the proportion of the energy demand

of prosumer j in the form of electricity and hydrogen.

EN
A

Fig. 9-2. Relationship between SDR, and the energy sharing price

In brief, our SDR, model is different from the existing SDR, models in the following three aspects.

First, our model is designed specifically for energy sharing rather than energy trading in the existing

SDR, models. Second, multi-forms of energy sharing have been considered in the formulation. Both
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electricity and hydrogen have been incorporated in the model shown as equation (9.14). Third, the
compensating price [ is used to ensure that the coordinator is incentivized to share energy.
9.4 Stage I: Problem from the Perspective of Energy Storage Coordinator
9.4.1 Revenues and Costs of the Energy Storage Sharing

In stage I, apart from trading with the electricity grid and the gas grid, the coordinator will also
determine the capacity sharing price and the energy sharing price. For equation (9.15), the objective is
to maximize the daily total net profits of the coordinator incurred during the capacity sharing and energy
sharing process. The decision variables of (9.15) include the number of batteries * to install at bus

k, the number of the P2G devices 4 /?¢ to install at bus g, the capacity sharing price for prosumer ; at
time ¢ 4, the energy sharing price for prosumer j at time 7 47", the binary variable Yjit that is
introduced to optimize the TOU price structure, the electric power discharged from the battery devices
that is sold to the electricity grid pZ«-5¢ , the electric power purchased from the electricity grid that is
charged to the battery devices p’*¢, the electric power purchased from the electricity grid that is

delivered to the electrolyzer PO, the hydrogen outflow from the P2G devices that is sold to the gas

grid gr*¢-5¢ , the hydrogen inflow to the P2G devices that is purchased from the gas grid g/?¢-#7,
0, and o, which are used to indicate whether the battery and the P2G will be installed at the

electricity bus and the gas bus.

The objective function is shown as:

max.NP“ = R“ + R*™ + NP"** + NP

(9.15)
_Bu+P2G _ ELE/H, NW
. . . EN
9.4.1.1 Revenues from capacity sharing R and energy sharing R :
J T 4
R =3"%"(a5xT,,) (9.16)
j=1 =1
J T 4
R™ =33 (=47 xT},) (9.17)

When T, >0, the coordinator will calculate the revenues on capacity sharing based on the optimized
capacity price A(Y. When I'; <0, the coordinator will calculate the revenues on energy sharing based
on the optimized energy price 17" .

9.4.1.2 Daily net profits from energy trading with both electricity and gas grids:

NPELE Z ZT: (AZELE,SG % Pkl’B[at,SG ) _ z ZT: (AIELE,BG % P/{I’?Iat,BG ) _ Z ZT: (ﬂ’ELE,BG % Rf’zc,ﬁc) (9.18)

keK t=1 keK t=1 qeQ t=1
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NP = Zi(l[Hz,SG % g:[ZG,SG )_ i(ﬂle,BG « gilZG,BG) (9. 19)

qeQ t=1 qeQ t=1

where NP™F and NP™ are the net profits from trading with the electricity grid and the gas grid.

9.4.1.3 The total daily capital and operational costs of energy storage devices:

T
CBat+PZG — C[Bat+P2G,cap + C[Bat+P2G,uper (920)
2 )
9.4.1.4 The network loss:

T
CELE‘NW — Z(rmk « lmk!tz % ltELE,BG) (9'21)

=1

I ) \3

cH =Y s s x(sp) | 9.22)

t=1

where C**" and C"™™  are the network loss of both the electricity grid and the gas grid [78]; Tk

is the resistance of line mk; [, is the line current magnitude on distribution line mk; ¢ is the gas

pipeline cost coefficient; s 7¢ is the gas flow from pipelines p to ¢ at time .

9.4.2 Constraints of the Electricity Network
9.4.2.1 Electricity storage system constraints
Different from the traditional centralized ESS, the proposed sharing model not only satisfies the load

via energy purchase from the grid but also offers sharing services among the prosumers. In other words,

plaeh = pPenBe g pPecrand  pPents = pPesd g pPectr  where  pfet is the total electric power
charged to the battery devices at bus k at time #; p”“* is the total electric power discharged from the
battery devices at bus k at time #; p’ is the electric power charged to the battery devices from the
prosumers at bus k at time #; p-“*» is the electric power discharged from the battery to the prosumers

at bus £ at time ¢.

Moreover, a binary variable is introduced. For instance, o, is used in equation (9.24) to indicate

whether the battery will be installed at bus £, and it satisfies z c,=2 - Detailed constraints are:

€

EkBjil — EkBjr + Pkl?[ar,ch % nb‘az,ch x At — Pkl?[ar,dir x At/nBat,dis (923)

0< Pklszl,ch < nyaaxt,ch x O'k,o < P[f[m'di: < [)mEaz;r,di: x o, (9‘24)
Bat Bat Bat Bat Bat

0<E7 <E_ . xu " ,0< 4" <o, xCap™ (9.25)

where p2*< and pP«-?  are the maximum charging and discharging power of the battery; Z isthe

total number of sharing stations; 4’ is the number of the battery devices to install at bus £,
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w = ik ,Ll,f”t ; EX is the maximum capacity of the battery; cqp?~ is the upper limit of the

installed battery.

The electric power charged to the battery devices from the prosumers at bus £ at time ¢, i.e., pf«<,

is derived by aggregating the charging decision of the prosumers who belong to bus &, shown as (9.26):

Bftat,chp — Z})jim,c}lp (926)

Jjek

where p?«c s the electric power charged to the battery devices from prosumer j at time #; p*"<"”

is the electric power charged to the battery devices from the prosumers at bus £ at time .

In addition, the electric power discharged from the battery to the prosumers at bus £ at time ¢, i.e.,

pFediv is derived by aggregating the discharging decision of the prosumers who belong to bus &, which

is shown as (9.27):

P](I’?tat,disp — ZPj}’?tat,disp (927)

Jjek

where p’@v is the electric power discharged from the battery devices to prosumer j at time #;  p"%

is the electric power discharged from the battery to the prosumers at bus & at time .
9.4.2.2 Power flow equation

Constraints relating to the electricity network are explained:
B 3 PV | pST _ pl
Pmk,t - ZPkn,t + Bc,t +Pk,t - Pk,t
n

pt )2 + (st’l )2 (9.28)

mk ,t mi

2
Via

__ pBat,ch Bat,ch Bat ,dis Bat,dis (
- Pk,l xn - Pk,l /77 +7,

mk

(Prfkt )2 + (Qrfk,t )2

Qrfk.t - ZQ}i.r + Q}ff - QkLt = Xk )2 (9'29)
P kot
2 2 B B 2 2 (P'z”)z +(Q'f’”)2
Vie =V = z(r;nkpmk,t T Xk mk.r)_(rmk Xk )T (9.30)
Vo<V, <T(BL,) (02 ) <Sk ©31)

where p?

mk ,t

and @7, , arethe active and reactive branch power flow from bus m to bus k; p"/ is the

output of the PVs; p" and @ are the active and the reactive power from the substation; p' and
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o/, aretheactive and reactive load atbus k; V, , isthe nodal voltage; r,, and x, aretheresistance

and the reactance of feeder; m and (¢) are the upward and downward limits.

9.4.3 Constraints of the Gas Network
9.4.3.1 Gas storage system constraints

The energy storage sharing in an electricity and hydrogen integrated system has the advantage of
energy flexibility. Hence, the trading among the coordinator, prosumers, and the gas grid should be
considered. Furthermore, to ensure the operation of the gas grid, the gas grid constraints (9.32)-(9.39)
should be considered.

Similar to the electricity grid, a binary variable is introduced in the gas storage system. For instance,

o, isused to indicate whether the P2G will be installed at bus g, qug 0, =Z . Detailed constraints

are explained as follows:

SPZG _ SZ?G +(g;{§ +gPZG,BG)XMX77P2G,ch /LHVH

q,t+1 q.t

P2G,disp P2G.SG P2G.dis H ©32)

_(gq,t +t84. )XM/(U <LHV )
e = X (PI2O 4 PPIOEO ) x Arx ot Yt (9-33)
P = prRG8G 4 pr2G.cy (9.34)
0< P <P P <PExo, (9.35)
0< S;fG < §h6 xysz,O < ,U;ZG <o, x Cap™* (9.36)

where g is the hydrogen from the electrolyzer that is stored in the gas tank at bus g at time #; p/"?¢<
is the electric power delivered to the P2G electrolyzer from the prosumers at bus ¢; p/?%*¢ is the
electric power purchased from the electricity grid that is delivered to the electrolyzer; ¢/?¢#¢ is the
hydrogen inflow to the P2G devices that is purchased from the gas grid; g7 is the hydrogen
outflow from the P2G devices to the prosumers atbus g; ¢ ”7¢-%¢ is the hydrogen outflow from the P2G

devices that is sold to the gas grid; P* is the upper power limit of the electrolyzer; P, Is the

maximum power limit of the electrolyzer; /?¢ is the number of the P2G devices to install at bus g,
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1o = veo ,u; 29 Cap"™“ is the upper limit of the installed P2G. Similar to equations (9.26) and

(9.27), p/?% and g%’ can be derived by aggregating all the energy usage profiles of the

prosumers at corresponding buses.
9.4.3.2 Gas pipeline gas flow

The gas flow of the pipeline can be expressed by the Weymouth flow equation [249, 250].

(9.37)

pipe __ 2 2
Spq,l _Sgn(pp,t’pq,t)xq)pq X ‘pp,t pq.t

where §77¢ is the gas flow from pipelines p to g at time #; sgn ( Pois Pq.,) denotes the gas flow

direction; p,, and p, , are the gas pressure at bus p and bus g; @, is the pipeline constant.

9.4.3.3 Gas compressor

The gas consumption of the compressor ¢ <" ( H,,, ) can be shown as follows [243]:

2
comp __ ., comp comp comp
G (H,,, )= a5 + a5 x H,,  +aim x(H,,,) (9.38)
where H , . is the horsepower consumption of the compressor station; ", ;" , and o’

are the conversion factors between the horsepower consumption and the gas consumption of the
COMpressor.
9.4.3.4 Nodal gas balance model

The flow balance equation indicates that the gas flowing into bus ¢ equals the overall gas flowing out

of bus g.

well pipe Z pipe Z comp ( ) comp GL
— — >< —
Gqsl + Z Spqst qu,l G[)qvl Hpqs[ npq qul
peQ peQ preQ

_ (g;lf " g;’JZG,BG ) <M x 77P2G,ch /LHVH (9.39)
_(g‘i?G,disp 4 g;fc,sc ) « M/(npzc,dis < LHVY )

where G is the gas generation from the gas well; G is the gas load.

9.5 Stage II: Problem from the Perspective of Prosumers
After knowing the prices of the shared capacity and the shared energy, the prosumers will determine
the optimal capacity and energy borrowing amount. The prosumers will use the energy generated by PVs.

If there is surplus energy, the energy can be stored in the ESS operated by the coordinator and incur
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+

J T
capacity borrowing costs C “ = ZZ(F i X ﬂjcf ) , or the energy can be sold to the external electricity
j=1 =1

J T
grid and gain profits RS0 = ZZ( PFIESG Q5 ); If the self-generated energy is inadequate to

j=1 t=1
satisfy the demand of the prosumers, the prosumers could purchase the electricity and hydrogen

ELE,BG
C 5

externally from the electricity grid and the gas grid by paying

_ z (P_ELE,BG % /»LtELE,BG ) for

J T
Jst
j=

1 t=1

t

J T
the purchased electricity and (C#2%¢ :ZZ(gf;’BleHZ’BG) for the purchased hydrogen.

Jj=1 t=1

Alternatively, prosumers could borrow the energy from the coordinator and incur energy borrowing costs

EN _ NV T EN\*
= Z_/:l Zt:l(_rj’l XA ) :
For equation (9.40), the objective of the prosumers in stage I is to minimize the capacity sharing and

energy sharing costs, electricity purchasing costs, and gas purchasing costs. The decision variables

include the credit point of prosumer j at time ¢ T, , the electric power charged to the battery devices
from the prosumer jattime 7 p?*<”, the electric power discharged from the battery devices to prosumer
Jattimet pfudor the electric power delivered to the electrolyzer from prosumerj at time ¢ p /¢,
the hydrogen outflow from the P2G devices to prosumer j (GJ) g77¢-“*7, the electric power sold to the
electricity grid from prosumer j p7*5¢, the electric power purchased from the electricity grid by

prosumerj p/'*#¢ , and the amount of hydrogen purchased by prosumer j from the gas grid g% .

The objective function is shown as:

n,]in'CCA +CEN +( CELE,BG _ RELE,SG) +CH2,BG (9‘40)

ELE ,BG ELE,SG Bat,dis, Bat,ch, P2G.,chp _ pl,ELE
- PJNC < PN 4 Pl < Pl < PIRCT — (941)
g+ = gl (9.42)

where p/f** and g'*: are the electricity and the hydrogen net load of prosumer ;.

t

9.6 Solver to Solve the Optimization Problem
The gas network loss (9.22) is non-linear. To improve the computational efficiency, piecewise linear
approximation has been utilized to linearize (9.22). Details can be referred to [243]. The pipeline gas

flow constraint is non-linear. We used the first-order Taylor series approximation to linearize (9.37).
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Details can be referred to [243]. Equations (9.16) and (9.17) are non-linear because they contain the
maximum functions. They can be linearized by introducing auxiliary variables [71]. Equation (9.5) is
the structural constraint of the TOU price, which contains the absolute value. To linearize constraint
(9.5), binary variables are introduced [71]. For equation (9.28), it is non-convex and non-linear due to

(%) +(0%.)
V2

kit

term

, which equals the squared line current magnitude Z,. To convexify equation

2 2 2 2
(9.28), L, =((P£€,t) +(Q,fk’,) )/szt is relaxed as [, 2((Pn§€’,) +(Q,fk’,) )/sz’, , and the second-
order cone constraint is H(ZRE{,,,ZQZ@,,V,{ZJ _l,%,k )Hz SVZ; +l,ik. After linearizing the other non-linear

constraints mentioned above, the mixed-integer second-order cone programming (MISOCP) can be
utilized to solve the problem [136]. CPLEX is utilized as the optimization solver.

The optimization problem is solved in the following procedures. First, the stage II problem is solved
based on the initial capacity and energy sharing prices. Then, the stage I problem is solved based on the
charging/discharging profiles optimized in stage II. Next, the optimized sharing prices in stage I will be
passed to stage II. This iterative process will end until reaching an equilibrium, i.e., the optimal
capacity/energy sharing price and the optimal charging/discharging profiles are achieved. A detailed
explanation of the iterative process regarding the information exchange can be referred to in Fig. 9-1
[136].

9.7 Case Study
9.71 Experiment Setting
The proposed credit-based capacity and energy sharing model is verified on a 55-bus electricity

network coupled with an 18-bus gas network. The electricity network is the modified IEEE European

Low Voltage Test Feeder. The detailed parameters, such as resistance 7, and reactance of the feeders

x,, can be referred to [228]. The nominal voltage is set as 415V. For the gas network, the pipeline

constant @  can be referred to [243]. The electricity and hydrogen demand profiles are shown in Fig.

9-3.
The uncertainties in this chapter contain the output of the DERs, the electricity and hydrogen price of
the utility grid, and the electricity and hydrogen demand of the prosumers. These uncertainties are

modeled by probability density functions, and then Monte Carlo Simulation is utilized to address
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uncertainty problems by modeling their probability density functions.
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Fig. 9-3. The electricity and hydrogen demand profiles

Three case studies were carried out to prove the effectiveness of the proposed credit-based sharing
model.

In case 1, the base case without capacity or energy sharing is presented.

In case 2, the conventional model with the capacity sharing process is examined [69]. This model is
explained in section IV, part A.

In case 3, the proposed credit-based sharing model is evaluated.

The following case study is divided into three parts. In the first part, the ESS planning results are
provided. In the second part, the result of the operation of the shared ESS in different cases is analyzed.
To be specific, the results of cases 1-3 are compared from the aspects of load components, SOC state,
the financial indicators, the willingness-to-participate ratio, the self-sufficiency ratio, etc. Moreover, the
proposed pricing model using both the battery and P2G devices has been compared with only using the
battery. In the third part, the proposed pricing strategy is analyzed. In addition, the proposed pricing
strategy is further compared with only using the cost-based pricing strategy for both energy and capacity
sharing.

9.7.2  The ESS Planning Results

— Electricity feeder ~— Gas pipeline @ Electricity bus @ Gas bus

© Planned energy storage @ coupling bus » Compressor

Fig. 9-4. Physical planning of the sharing stations.

In Fig. 9-4, the physical planning of the ESS is illustrated [136]. Both the candidate coupling bus and
the optimized ESS planning are presented. The location of the battery devices is derived via equations

(9.24)-(9.25) in section V, part B (1). The location of the P2G devices is derived via equations (9.35)-
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(9.36) in section V, part C (1). As for the capacity of the battery devices and the P2G devices, it is
embedded in equation (9.8). All the measurements are transferred into energy units. Thus, after the
optimization process, the total capacity of the battery and the P2G devices are 920 kWh and 240 kWh,
respectively. There are two optimal sharing stations. For the first sharing station, it is planned at
electricity bus 4 (gas bus 3) with 378 kWh battery and 87 kWh P2G. For the second sharing station, it is
planned at electricity bus 41 (gas bus 14) with 542 kWh battery and 153 kWh P2G.

9.7.3  Operation of Shared ESS in Different Cases

case 1

OLoad from PV @Buy from clectricity grid  BBuy from gas grid

-
a2

Load components (kWh)

0

1:00 3:00 5:00 8:00 10:00  13:00  15:00 17:00  20:00  22:00

B Battery discharging to prosumer DOLoad from PV case 2
30 ®Buy from electricity grid BP2G discharging to prosumer

B Buy from gas grid
20

Load components (kWh)

1:00 3:00 5:00 8:00 10:00 13:00 15:00 17:00 20:00 22:00
B Battery discharging to prosumer O Load from PV case 3
30 @Buy from electricity grid B P2G discharging to prosumer

BBuy from gas grid
20

10

Load components (kWh)

0
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Time of a day (1 hour resolution)

Fig. 9-5. The load components comparison of the three cases.

Fig. 9-5 illustrates the case comparison of the load components of all the prosumers in the three cases.
For case 1, no energy or capacity sharing is involved. Thus, it can be found that the load includes three
parts, i.e., the load from PV, energy purchased from the electricity grid, and energy purchased from the
gas grid. By comparison, prosumers in case 2 can borrow capacity from the coordinator to store excess
energy for later use when the energy price in the utility grid is high. For case 3, the load components in
the early morning and late evening are similar to case 2. During the daytime, there is more energy
discharged from the battery and the P2G in case 3 compared with case 2, which indicates that prosumers
in case 3 are engaged in borrowing energy from the coordinator at a price that is lower than the energy
purchasing price in the utility grid. As a result, the proposed model can further reduce the energy purchase
cost of prosumers from the utility grid.

Fig. 9-6 and Fig. 9-7 show the SOC and the total net profits of the coordinator under both case 2 and

case 3. It can be found that the SOC of both the battery and the P2G devices in case 3 is higher than that
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in case 2 in general. This is because the credit-based sharing model has incentivized more prosumers to
participate in the capacity and energy-sharing process. Thus, the overall energy storage usage efficiency
is enhanced, which can be presented as the ascending of the SOC. Additionally, the enhancement of the
overall energy storage usage efficiency can be verified via Table 9-1 quantitatively. It can be found that
the storage usage efficiency can be increased from 39% to 62%.

Table 9-1 shows the result comparison from the perspective of both the prosumers and the coordinator.
The financial indicators on energy costs of the prosumers and the total net profits of the coordinator are
analyzed. In addition, other indicators like the willingness-to-participate (WTP) ratio and the self-
sufficiency ratio (SSR) are analyzed. For case 1, only the energy costs and the self-sufficiency ratio can
be analyzed [138]. Two concepts will be introduced. The first is the willingness-to-participate ratio
WIP=N, /N,

where N, is the number of prosumers that have reduced energy costs after

otal >
participating in the sharing process, and N, ,, is the total number of prosumers participating in the

sharing process [138]. It is a ratio used to indicate the degree of willingness of the prosumers to

participate in the sharing process. The higher the ratio, the more incentivized the prosumers are. The

second is the self-sufficiency ratio SSR = (E,, + E,,, )/E, , where E,  isthe aggregated energy from

the energy storage devices are discharged to satisfy load need [138]. It is a ratio used to indicate the
degree of self-sufficiency within the community of the prosumers and the coordinator. From the
perspective of the prosumers, the SSR has increased by 14.5%, and the WTP ratio has increased by 20%
under case 3 compared with that under case 2. And it is cost-saving for the prosumers to participate in
the sharing process under the proposed model. For the coordinator, the average daily total net profits of
the coordinator in case 3 have increased to 264.11 AUS$ compared with case 2. Here, the total net profits
calculation can be referred to equation (9.15). Moreover, the payback period of the energy storage
devices is reduced to 5.6 years. Additionally, storage usage efficiency is increased from an average of
39% to 62%.

AUS

[ Battery storage SOCE=3 P2G storage SOC 10

--%- Total net profits 8

1

8

.6 " 6
! taoollihgittisatbindsas
QgL ba00danddbdbdnas -
; ddafr 0 Ada ;
1:00  4:00  7:00 10:00 13:00 16:00 19:00 22:00

Time of a day (1 hour resolution)

SOC of energy storage
under conventional model

Fig. 9-6. The SOC and total net profits under case 2.
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Fig. 9-7. The SOC and total net profits under case 3.

TABLE 9-1. RESULT COMPARISON OF DIFFERENT CASES FROM THE PERSPECTIVE OF THE PROSUMERS AND THE COORDINATOR

Case 1 Case 2 Case 3

Energy costs | 154 AUS | 110.92 AUS | 80.54 AUS

Prosumers SSR 54% 55% 63%
WTP ratio N/A 65% 78%
Total net
N/A 197.38 AUS | 264.11 AUS
profits
Payback
Coordinator N/A 7.2 years 5.6 years
period
Storage
N/A 39% 62%
usage

In Table 9-2, the advantages of using battery plus P2G are illustrated from both the perspective of the
prosumers and the coordinator. For the prosumers, it can be found that the energy cost of using the battery
plus P2G is 80.54 AUS, which is lower than that of using the battery alone. Additionally, the WTP ratio
of using the battery plus P2G is 6% higher than only using the battery. From the perspective of the
coordinator, it can be found that the total net profits of using the battery plus P2G are higher than only

using the battery. Moreover, the ESS efficiency can be enhanced using the battery plus P2G.

TABLE 9-2. RESULT COMPARISON OF USING ONLY THE BATTERY AND USING BOTH THE BATTERY AND THE P2G

Battery+P2G
Battery
(both electricity
(only electricity
and hydrogen

is considered)
are considered)

Energy costs 108.75 AU$ 80.54 AUS
Prosumers
WTP 72% 78%
Total net
207.82 AUS$ 264.11 AUS
profits
Coordinator
ESS
58% 62%
efficiency

9.7.4  Analysis of the Proposed Pricing Strategy
In Fig. 9-8, the credit points of the prosumers are illustrated. Three clusters of prosumers are classified

according to the load pattern of the prosumers via the Density-Based Spatial Clustering of Applications
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with Noise (DBSCAN) algorithm [251]. They are double-peak in the morning and afternoon (cluster 1),
single-peak in the afternoon (cluster 2), and single-peak in the morning (cluster 3), respectively. For
cluster 1, the prosumers are borrowing energy from 4:00 to 10:00 and 16:00 to 20:00, and borrowing
capacity from 11:00 to 16:00 on average. For cluster 2, the prosumers are borrowing capacity from 11:00
to 14:00 and borrowing energy from 6:00 to 8:00 and 15:00 to 20:00 on average. Combining the
simulation results of the capacity and energy sharing prices in Fig. 9-10, it can be found that although
the capacity and energy sharing prices of cluster 2 converge to a relatively low level, the prosumers in
cluster 2 are still less engaged in participating in capacity and energy sharing compared with the other
two clusters. As for cluster 3, the prosumers borrow energy from 7:00 to 13:00 and borrow capacity from

14:00 to 19:00 on average.

16 _— Cluster 1
---- Cluster 2
Cluster 3

-20

Credit points of the prosumers

1:00 4:00 7:00 10:00 13:00 16:00 19:00  22:00

Fig. 9-8. The credit points change of three types of clusters.

Fig. 9-9 shows the load components of prosumers 1, 2, and 3 from clusters 1, 2, and 3, respectively.
All three prosumers are willing to use the shared energy to cover their peak load. For prosumers 1 and 2
they prefer hydrogen from P2G from around 6:00 to 13:00 to satisfy the hydrogen need. And they store
the excess energy generated from the PV panels into the battery for later use. As for prosumer 3, less
hydrogen is borrowed from the P2G compared with the other two prosumers.

In Fig. 9-10, three prosumers are selected from the three clusters to show the customized pricing on
capacity and energy sharing. The price above the horizontal axis represents the capacity sharing price,
while the price below is the energy sharing price. Prosumer 1 has six price blocks in total, within which
there are two peak price blocks: 5:00 to 8:00 for energy sharing and 14:00 to 17:00 for capacity sharing.
For prosumer 2, three price blocks are illustrated, and the price variation is not immense. For prosumer
3, four price blocks are shown, with one peak price block for energy sharing from 10:00 to 12:00 and

one peak price block for capacity sharing from 14:00 to 16:00.
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Fig. 9-9. The load components of the three prosumers.

In Table 9-3, the comparisons between using one pricing strategy and using two pricing strategies are
illustrated. It can be found that, compared with merely using cost-based pricing for both capacity sharing
and energy sharing, using two pricing strategies, i.e., the proposed pricing strategy, can save the energy
costs for the prosumers by 17.85 AUS$ per day. Additionally, both the SSR and WTP ratios can be
increased. For the coordinator, using the proposed pricing strategy can ensure higher total net profits and
ESS usage efficiency. Moreover, compared with using the cost-based pricing strategy, the payback

period of the proposed strategy can be shortened by 1.2 years.
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Fig. 9-10. The prices of shared capacity and shared energy.

TABLE 9-3. COMPARISONS BETWEEN USING ONE PRICING STRATEGY AND USING TWO PRICING STRATEGIES

Cost- Cost-based+demand-
based based
Energy costs | 98.39 AUS 80.54 AUS
Prosumers SSR 58% 63%
WTP ratio 69% 78%
Total net
240.4 AUS 264.11 AUS
profits
Payback
Coordinator 6.8 years 5.6 years
period
ESS
57% 62%
efficiency
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9.8 Conclusion

This chapter proposed a two-stage credit-based capacity and energy sharing model to combine both
capacity and energy sharing. Two pricing strategies have been proposed to customize the capacity and
energy sharing prices to benefit both the coordinator and the prosumers. Simulation results indicate that
the proposed credit-based sharing model not only can increase the total net profits and storage usage
efficiency of the coordinator but can also enhance the self-sufficiency ratio and the willingness-to-
participate ratio of the prosumers. Moreover, both the payback period of the coordinator and the energy

costs of the prosumers can be reduced compared with the base case and the conventional model.
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10. PICING STRATEGY FOR ENERGY SUPPLEMENT SERVICES OF

HYBRID ELECTRIC VEHICLES CONSIDERING BOUNDED-

RATIONALITY AND ENERGY SUBSTITUTION EFFECT

Electric vehicles (EVs) have experienced rapid growth in recent years due to the concern about climate
change. Meanwhile, hydrogen has become a versatile energy carrier that can be used in the EV industry.
Thus, apart from pure EVs, hydrogen fuel cell EVs (FCEVs) and plug-in hybrid hydrogen and electric
vehicles (PH2EVs) are also promising solutions for replacing gasoline vehicles. With the penetration of
these alternative fuel vehicles, it is necessary to formulate proper strategies to guide EV charging and
refueling. Hence, in this chapter, a dynamic pricing strategy for integrated electricity charging and
hydrogen refueling stations (IEHSs) is proposed to guide the charging/refueling decisions of EVs and
ensure the operation of IEHSs, power distribution network (PDN), and gas network (GN). First, a tri-
level dynamic pricing strategy is proposed considering the interactions among EVs, IEHSs, and both
PDN and GN. Second, the bounded rationality of EVs in station selection is modeled based on cognitive
theory. Third, energy substitution for PH2EVs between electricity charging and hydrogen refueling is
analyzed. Simulation results show that the proposed pricing strategy can increase the utility of EVs,
enhance the profit of IEHSs, and mitigate the congestion of both PDN and GN.
10.1 Introduction

EVs outweigh gasoline vehicles in terms of energy-saving and environmental protection [128]. In
practice, the plug-in electric vehicle (PEV) is a common type of EV powered by electricity that is
undergoing dramatic development. However, the proliferation of PEVs might increase queueing length
and waiting time even at the fast-charging stations, which can bring about reduced comfort for PEV users.
In recent years, hydrogen has become a versatile energy carrier that can be served as an input into a range
of industrial processes, including the EV industry [78]. As a result, fuel cell electric vehicle (FCEV) has
emerged as another type of EV that is powered by hydrogen. Compared the FCEV with PEV, energy
supplement duration is significantly reduced via hydrogen refueling. Thus, the problem of long waiting
times can be mitigated. However, FCEV can result in higher energy costs than PEV. Hence, plug-in
hybrid hydrogen and electric vehicle (PH2EV), which consumes either electricity or hydrogen, can be

served as a new promising type of EV to balance energy supplement duration and energy cost.
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Additionally, the penetration of PH2EVs can increase the flexibility and alternatives of energy. However,
the random charging pattern of various types of EVs can lead to difficulties in charging/refueling
management of IEHSs as well as congestions to the power distribution network (PDN) and gas network
(GN) [44]. Thus, it is necessary to develop proper strategies to guide the charging/refueling of EVs.

In the existing literature, the pricing strategy formulated by energy supplement stations is a commonly
used approach to manage EV charging/refueling. Research articles mainly formulated the pricing
strategy by considering the interests of stations, EVs, and a combination of both. There is literature that
focuses on increasing the profit of the station, such as [121-123, 125]. There is also literature paying
attention to EV user satisfaction, such as [128-130]. In terms of literature that investigated pricing
strategy from the perspective of both stations and EVs, how to balance the competing objectives of
profitability enhancement, customer satisfaction assurance, and PDN security is investigated, such as
[126, 127].

Therefore, in this chapter, we propose a dynamic pricing strategy for integrated electricity charging
and hydrogen refueling stations (IEHSs). Here, IEHSs can provide both electricity charging and
hydrogen refueling services. The main contributions of this chapter are threefold.

=  First, a tri-level pricing strategy for IEHSs is formulated considering the integration among EVs,
IEHSSs, and both the PDN and GN. In this pricing strategy, the temporal shift of EVs within one
IEHS and the spatial shift of EVs among multiple IEHSs are modeled. With the proposed tri-level
pricing mechanism, IEHSs can ensure the charging/refueling services based on the dynamic
charging/refueling response of EVs while mitigating the congestion of both the PDN and GN.

= Second, to ensure the effectiveness of the pricing strategy in guiding EV behaviors, the bounded
rationality of EVs in station selection is rigorously modeled based on the cognitive hierarchy (CH)
theory. To be specific, EVs are categorized into heterogeneous cognitive levels, and the strategic
thinking process of EVs that they will make decisions by considering the decisions of other EVs
with lower cognitive levels is analyzed.

= Third, the energy substitution effect of PH2EVs when making energy purchasing decisions is
mathematically modeled. On the one hand, the optimal energy purchasing mixture of electricity and
hydrogen is derived based on the consumer choice theory. On the other hand, the relationship

between energy demand and energy price is established based on both the self-price elasticity and
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cross-price elasticity.
10.2 the Framework of the Proposed Trilevel Model
The proposed tri-level framework considers the optimization and interaction of three types of

participants at three levels, as shown in Fig. 10-1. At the upper level, both the PDN and GN will

. . . . PDV GN
determine the electricity generation Bf :» gas generation G,"", and the DLMP ﬂfz,t and ﬂh,t at each

electricity and gas bus based on information related to the baseload and the energy demand of EVs from
the lower level. At the middle level, after receiving the DLMP information from the upper level and the

energy purchasing demand of all the EVs from the lower level, IEHSs will make energy pricing decisions

/@E,LE and lff for both electricity charging and hydrogen refueling. Apart from optimizing energy

price, the queueing information, i.e., the waiting time information I;Vfit , will be estimated by the IEHSs.

Moreover, the coupon ¢, will be offered to attract more EVs during off-peak periods. At the lower
level, EV users will make station selection 1, ;,, routing Iy .+ » and energy purchasing decisions

Dj) i and ij . based on information relating to energy purchasing price, the estimated waiting time,

and the offered coupon at IEHSs received from the middle level.

Upper level Middle level
PDN IEHS 1 IEHS j
.. . E; ice: AELE 2T E ice: JELE pH
o Electricity generation: Py : “?;l;lgg ]3;1;12 ﬁz}m A : J;rngg pt:lrf:s /1‘%1,! Aid
e DLMP: A" g tme: 4, g time: £}

e Coupon: ¢, e Coupon: ¢,

+ Energy price, waiting time, and coupon ¢
GN
Lower level

e Hydrogen generation:G,;"f” )

o DLMP: ﬂf}v EV 1 EVi
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, e Station selection: X, ;, ...|® Station selection: x, ;,
[ Enermy purcasing | * Routing: fj, ¢ Routing: [y,

o Energy purchase: D, D/: e Energy purchase: D", D

Fig. 10-1. Proposed tri-level framework and information flow.

10.3 Lower Level: EV Decision-making with Bounded Rationality and Energy Substitution
At the lower level, the decision-making of EVs is optimized based on information from the middle

level. In addition, the bounded rationality of EVs and the energy substitution between electricity charging

and hydrogen refueling are investigated.

10.3.1 Preliminaries

EVs will make station selection decisions considering other EVs' decisions to avoid long queues at
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stations. However, in practice, EVs usually have bounded rationality (cognitive limits) in making such
decisions [252, 253]. Thus, in this chapter, the CH theory is utilized to model the bounded rationality of
EVs.

Under the CH theory, EVs can be categorized according to their cognitive levels into an infinite
number of levels indexed k=0,l,...,00. The number of EV users at each level follows a Poisson
distribution shown as (10.1) [254, 255].

fk)=e" [k (10.1)
where 7 is the average cognitive level of all the EVs.

To be specific, level 0 EVs will make decisions randomly without considering other EVs' decisions.
Foralevel 1 EV user, she or he will only consider the decision-making of EVs who have lower cognitive
levels, i.e., level 0 EVs. In general, for level £ EV, she or he will make decisions by considering other
EVs' decisions that have lower cognitive levels, i.e., level 0 to level &-1. Additionally, level £ EV assumes
that he or she is the only person at level k [254, 255].

10.3.2 Objective Function

In this chapter, the coupon provided by IEHS j is utilized to incentivize EV users with different
cognitive levels in station selection decision-making. The total coupon offered by IEHS ; is fixed at each
time and will be evenly shared among EVs. As a result, the more EVs select IEHS j, the less coupon will
be received by each EV who selects IEHS j. Hence, level £>0 EV users will make station selection
decisions by considering the station selection decisions of lower-level EVs based on the CH theory to
maximize their utility [254, 255].

As a result, the objective function of EV user i at level £~0 can be written as (10.2). In (10.2), the

first term is the coupon received by EV user i after considering the station selection decision of other

EVs who have lower cognitive levels. The second term y, is the net profit apart from coupons.

T s
T R :Zl(x’*-”’g“/ (;fD”’ " (102

gt gl
where x, ; is the binary variable indicating whether EV user i will select IEHS j; fﬂj ;; is the binary

J

rs,i

J
rSs,i

variable indicating whether EV user i will choose path attime ¢; is the path EV user i travels

on that starts from the origin of EV user i to IEHS j; D,

;. 18 the total energy demand of EV user i at

221



. ELE
time #; Dl i i

and Dljzt are electricity and hydrogen demand of EV user i at IEHS j at time #; U, 1is

the utility of EV user i; T'is the total time slots with a day; ¢, is the total coupon offered by IEHS j at

St

time #; 7;, is the number of EVs selecting IEHS j perceived by EV user i; 5 is the total fraction of

lower-level EVs perceived by EV user i.

Note that the decision-making process based on the CH theory is an iterative and strategic thinking
process, whereas (10.2) merely expresses the decision-making process of one EV user at one cognitive
level. As a result, Algorithm 10-1 is elaborated to explain the progressive decision-making process of

all EVs.

Algorithm 1: EVs' Decision-making based on the CH
Theory

Input: Coupon ¢, ; electricity charging price /%Etw ;

oL

hydrogen refueling price A estimated waiting

i

time tﬁf”; average cognitive level of all the EVs

7 ; the total number of EVs [; tolerant error ¢ ; set

of IEHSs Qj .

ELE H.
Compute x, ;,, fp,;,i,t’D D> ,D>

[V RSt O R N P

Set k=§= ”l;,t =0; @, = I/‘Q/‘ :
repeat

f(k)ze’ffk/k!; F=F+f(k); k=k+1.

foreach jeQ; do

n,=n, +f(k)><a),’c,j,t x1I

¢ =(e./(n./7)).

end for
U "y e
A jeo, 2 ii i

ELE H, _
X jar 500D Dy D j, =argmax U,
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foreach jeQ, do
if U0 then o], =1/|Q).

i —
else @, =0.

end for
until §>1-¢

Output: CH equilibrium Solution: nj.,t* =n,.

Definition: Pr, ;, is defined as the probability of level £ EV to select IEHS j perceived by level k+1

EV. After optimizing the utility function U, of EV user i, the value of @, ,, , i.e., the probability that
level £ EV users to select IEHS j, can be derived. To be specific, when the utility of EV user i (level k+1
EV user) in choosing IEHS j is larger than zero, i.e., U, 20, Vje Q, level k+1 EV users will assume
that level k£ EV users would simply randomize among all the IEHSs when making the station-selection

decision. As a result, @ ;, = 1/ ‘Q/‘ . On the contrary, when the utility of EV user i is smaller than zero,
ie.,, U; <0,level k+1 EV users will assume that level &£ EV users would not choose IEHS ;. Hence,
@, ,,=0.Tobenoted, @, ,, isthe station-selection probability of level k EV users perceived by level

k+1 EV users based on the assumption that level k£ EV users would simplify the station-selection problem

due to lower cognitive level, which is not the same as the station-selection binary variable x, ,, of EV

user 7 that is optimized based on utility maximization. U, is the utility of level £+1 EV when IEHS j is

selected, after considering the station selection strategies of level 0 to level k EVs.
Initialization: The cognitive level of EVs is initialized as k=0, and the total fraction of EVs that is

considered by level k£ EV is initialized as 5 =0. Additionally, we initialize the number of EVs selecting

IEHS jas n,,=0.

Iteration process.: At iteration k, the number of level kK EVs who select IEHS j can be computed. Based

on the station selection decisions of level 0 to level £ EVs, level &+1 EV can optimize the utility.

a). Utility: The fraction of level K EV  f (k) and the number of EVs selecting IEHS j n,, are

computed. Then, the coupon received by each EV who selects IEHS j can be calculated as C it / (n i / 5 ) .
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Next, the decision variables can be optimized to maximize the utility of EV i at level k+1.
b). Station selection: For level k+1 EV, the IEHS that can provide the maximum utility will be selected.
Output: The iterative process continues until ¢§ >1—¢ , which indicates that the reasoning of almost

all the EVs is considered. Then, the total number of EVs selecting IEHS j can be calculated as

n;’t Vj €€) . Moreover, the electricity demand D " and hydrogen demand D! ofall the EVs

] t? gt
that select IEHS j can be derived.
The net profit of EV user i, apart from the coupon, is further explained in (10.3). Equation (10.3)

shows the purchasing utility, time cost, and energy purchasing cost of EV. Moreover, the relationship

between the total amount of energy purchased D, ;, and purchasing utility can be expressed as (10.4)

[256].
L UL P = (i v ) -
y =y (10.3)
ez -cr
Un" =alog(D, ;, +1) (10.4)

where Pr" is the probability of the utility gained from energy purchasing; o is the parameter that

. . . . . J wait . .-
can transfer time into monetary value; t;’f‘ . 1s the traveling time on path [, ;; 7, is the waiting

time of EV user i; tzt,a is the charging/refueling time of EV user i; ClEtLE and Cﬁz are the electricity
and hydrogen energy cost of EV user i at time #; ¢; is the coefficient of the purchasing utility function

of EVi.

The traveling time, waiting time, charging time, and energy purchasing cost are further explained via
equations (10.5)-(10.8), respectively. Equation (10.5) shows the traveling time of EV i on path ﬂr]” .

Equation (10.6) shows that the waiting time of EV user i is the same as the waiting time estimated by

IEHS j tw” only if IEHS j is selected by EV user 7, i.e., when x, ;, is 1.
b =Ly Xy [V (10.5)
" =ty <, (10.6)
(e =D [P s 4 D" [ g xpl” (10.7)
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G =A7"xD0 Gl =27 x D%, (10.8)

i 2 i,

where / 5 is the length of path ﬂ;i,,« ; Vi is the average driving velocity of EV i; Pj and gfz

are the electricity charging rate and hydrogen refueling rate; 77]ELE and 77]]--12 are the charging and

refueling efficiency.
10.3.3 Decision-making Constraints

To further model the decision-making process of the EV users, three types of decisions are explained
in detail, namely, the station selection, the routing, and the purchasing decision.
10.3.3.1 Station selection decision constraints

At first, EVs will make a station selection decision. Besides the offered coupon, EV use i will take the
waiting time into consideration as well when making the station selection decision shown as (10.9).

Equation (10.9) indicates that if the estimated waiting time at IEHS j is longer than the maximum waiting

time EV user i can accept, EV user i will not choose IEHS j. As a result, X will be 0. Otherwise, EV

t

user i will choose IEHS jand x, ;, will be 1. Equation (10.10) ensures that EV user makes at most one

t
selection decision daily.

%, (e =) <0 (10.9)

it \" ot i

2 jeq > (x) s (10.10)

where ¢"* is the maximum waiting time EV user i can accept.

10.3.3.2 Routing decision constraints
Once EV user i selects IEHS j, he or she will encounter another decision on routing selection. When
making the navigation decision, the SOC of EV i must be able to cover the trip from the origin of EV

user i to IEHS j shown as (10.11). Equation (10.11) shows that if the mileage can support the EV to

travel from the origin of EV user i to IEHS j, EV user i will choose path ﬂer .Asaresult, f, B i will

be 1. Otherwise, fﬂj ., willbe 0. As a result, EV user i will choose another path. (10.12) indicates that

path ,Brjs, can only be selected when IEHS j is selected by EV user i, i.e., when x, ;, equals 1. Asa

t

may be 1. On the contrary, if IEHS ; is not selected by EV user i, x, ., will be 0 and

1,):t

result, f j

5

Syt
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Sy i willbe 0.

i [s (&1, /Em)}o VB, b (10.11)
f[,é’w <X (10.12)
where SOC,, is the initial SOC of EV i at time 7 when making the navigation decision; E is the

average energy consumption per km of EV 7; E™ is the maximum capacity.

10.3.3.3 Purchasing decision constraints
a). Energy substitution for PH2EVs

When arriving at IEHS j, EV users will make energy purchasing decisions. For PH2EVs, there exists
an energy substitution effect between electricity charging and hydrogen refueling. To model such an
energy substitution effect, we first derive the optimal purchasing mixture of electricity demand and
hydrogen demand. Then, the impact of energy price on energy purchasing amount is modeled using self-
price and cross-price elasticities.

First, there exists a substitution relationship between the demand for electricity and hydrogen to
satisfy the total energy demand, shown as (10.13). The first term represents energy from electricity
purchasing, and the second term is energy from hydrogen purchasing. According to consumer choice
theory, (10.13) is defined as the indifference curve that describes a combination of two goods (i.e.,
electricity and hydrogen) that give the EV user equal utility, thereby making the EV user indifferent,

shown as in Fig. 2 [170, 257].
f[EAc (DlEij ) n fGAC (foc( (D’H;t )) _ D,.‘/’, (10.13)

EAC

where f,%4¢, £, and f°°“ are the input-output function of electricity AC, hydrogen AC, and

——— Cost budget line
Indifference curve

s o) Optimal purchasing :
it mixture §

Fig. 10-2. Cost budget line and indifference curve of the PH2EV user.

hydrogen CC, respectively.

D™

it

Moreover, the concept of cost budget line is introduced to balance energy purchasing cost and the
charging/refueling time cost of EV users when making the energy purchasing decisions shown as (10.14)

and Fig. 10-2.
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AT xDEY+ AT x D +oxt’ =B, (10.14)

1i,j,t i,7,t

where B is the cost budget of EV wuser i, including both energy purchasing cost and

i
charging/refueling time cost.

We further model the energy substitution of the PH2EVs to determine the optimal purchasing mixture
of input energy that balances the purchasing cost and charging/refueling time cost.

According to the consumer choice theory, the optimal combination of two goods can be found at the
tangent point of the indifference curve and the cost budget line, shown in Fig. 2 [170]. Hence, we need

to find the slope of both curves. For the slope of the cost budget line of the PH2EVs, it is

_[ A+ (o-/ P e e )] / [llH; (a/ g n" )J . And the slope of the indifference curve is:

dD.H? ) flEAC ( DELE)

i)t i)t

leElet? B foac (flGCC (Dlh; t)) . poce (Dz}?t)

Then, let the slope of the cost budget line equal to the slope of the indifference curve, we have (10.16):

(10.15)

/-LA_ELE (U/PELE ELE ) _ fEAC (DLE/LA;:‘) (10‘ 16)
/1 +(o‘/g] 77] ) fiGAC'(flGCC (Dijt)) fGCC (Dlex)
In this chapter, it is assumed that the conversion function of hydrogen follows D/’ = (D,"‘;t[ )2 )

EAC

where a, is the conversion coefficients. Additionally, 7, 4c

and »™¢ are the electricity AC and

hydrogen AC conversion efficiency of EV user i. Thus, by plugging in the conversion efficiency and

conversion function to (10.13), we have:

’7 Dlgij n’ GAC o, ,D:[jz,t/al =D,,, (10.17)

Then, combining both equations (10.16) and (10.17), the optimal purchasing mixture of electricity
and hydrogen for the PH2EV can be obtained, shown as (10.18). It can be found that an increase in
electricity price and refueling rate (or a reduction in hydrogen price and charging rate) will increase the

hydrogen demand.

/'LJEfE (O_ / PELE ELE ) 2775Ac Dl{i?,t (10‘ | 8)
Tele)

Second, the relationship between energy price and energy demand is modeled using both self-price

elasticity and cross-price elasticity, shown as (10.19)-(10.20). Here, self-price elasticity measures the
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responsiveness of demand for one type of energy towards the energy price of the same type of energy.
For cross-price elasticity, it analyzes the responsiveness between one type of energy price and the

demand for another type of energy[71, 258].

A =a = L xDET =&l x D% 8T >0 (10.19)

Jt i,Jot it L2270t

A =a™ = BIxD% —&l XD e >0 (10.20)

i)t it i,j.t 2 it
where o™ and o™ are the highest historical energy price for electricity charging and hydrogen
refueling, respectively; ,@E[ and ﬂ,(f are the self-price elasticity on electricity charging and hydrogen
refueling, respectively; 6}5{ is the cross-price elasticity of EV i which measures the impact of

electricity price on hydrogen refueling; é}ﬁ_ﬁ is the cross-price elasticity of EV i which measures the

impact of hydrogen price on electricity charging.
b). General constraints for all types of EVs

Equations (10.21)-(10.23) further constraint the total energy demand of any type of EVs. Equation
(10.21) shows that the total energy demand of EV user i should be no larger than the sum of the remaining

EV capacity and the traveling consumption. Equation (10.22) indicates that only when IEHS j is selected

by EV user i, i.e., x

.. equals 1, can EV user i decide the amount of electricity and hydrogen to

purchase from IEHS ;. Equation (10.23) shows the total daily energy demand plus the initial energy

storage state should be larger than the traveling consumption plus the required energy storage remaining

amount.
D, SE™ -E,+E"xl, xf, | (10.21)
D, <x,, xD™ (10.22)
PN (D)2 ET XL, %1, +E B, (10.23)

where D™ is the maximum energy demand; E,, is the initial energy storage state of EV user i;
E,  is the required end-of-day energy storage state.

10.4 Middle Level: IEHS Pricing Strategy
At the middle level, IEHS j will decide the energy price for electricity charging and hydrogen refueling

based on information received from EV users at the lower level and the PDN and GN at the upper level.
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Besides determining the pricing strategy, information relating to the waiting time at IEHS j will be
estimated and passed down to EV users at the lower level to facilitate EV users in station selection and
energy purchasing. Furthermore, the coupon is utilized to incentivize EV users in station selection and
enhance the profit of the IEHS.

10.4.1 Objective Function and Constraints

The objective function of IEHS j can be referred to (10.24), which includes five parts: the charging

revenue R, energy purchasing cost C **, operational costs C%“, fixed costs €, and the coupon

(l'j,t .
A, yuey MAX U,=RM-Clr—cr" -cl-¢,, (10.24)
T T
S.t. R;'hu _ Z(/I/Efb‘ y D/EfE)'f- Z(ﬂ'/HJZ XD;[; ) (10.25)
=1 t=1
T T
Cy = Z (x.iq X ﬁ’q?N x foE ) + Z (xjh x ﬂ';fiv x D,Hf ) (10.26)
1=1 1=1
Corr = A7 x zieg, D, (10.27)
ctj,t = 7/2 i, Xijot (1028)

where U, is the utility of [EHS j; x,

,, and x, are the binary parameter indicating whether IEHS j

is coupled with electricity bus g or gas bus #; , is the coupon transfer factor.

10.4.2 Queueing Information Estimation

The waiting time at the [IEHS can be calculated based on the queuing model, shown as (10.29) [225].
Additionally, the average arrival rate &;, and average charging/refueling rate 4, can be calculated,
shown as (10.32) [225]. For (10.32), the number of EVs arriving at time ¢ 7" can be obtained via

the infrared sensor installed at the entry of the IEHS. And the number of EVs being charged/refueled at

time 7 n%7" can be obtained via the charging/refueling plugs [225].

0y =1, e, (10.29)
where L= (/) e ) xPry,, (10.30)

S; ![1 - (g.m [ 1,5, )T
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where / j« 18 the queueing length at IEHS j at time # S, is the total number of physical

charging/refueling plugs at IEHS j; P’b, ;¢ 1s the probability that all charging/refueling plugs are

standing by at IEHS j; k] is the number of charging/refueling plugs that is standing by.

10.5 Upper Level: PDN and GN Modeling

At the upper level, the PDN and GN will determine the market-clearing price DLMP based on both
the baseload and the aggregated EV energy demand from the lower level. Additionally, the electricity
and hydrogen generation will be determined as well.
10.5.1 Objective Function

The objective function of PDN and GN is to optimize the power and hydrogen generation and DLMP
S . . DN GN
to minimize the total operation cost, shown as (10.33). Note that the dual variables ﬂq’t and i;,’, of

power balance constraint (10.34) and gas flow balance constraint (10.40) are the electricity and
hydrogen DLMP at bus g and bus 4, respectively, which can be obtained by solvers like Gurobi [121].
arg{%’ Gyt AP 4G minU%™ = ﬂtELE,BGZdEQJ PdEfE n

2o, [aq (P2 ) +5,7 +c‘,}+/1fH”BGZd€Qd Gl + (10.33)

2
well well
Zhegh |:ah (Gh,t ) +b,G,, +Ch:|

where U9 is the utility of both PDN and GN; Bft is the active power generated at bus g; £, is

the electricity purchasing amount at upper grid d at time #; €, is the set of upper grids; Q, and €,

Al . . L.
are the PDN and GN bus sets; th; is the gas generation from the gas well at time Gg ; 1s the
hydrogen purchasing amount at upper grid d at time #; 4"**° and 1/:*% are the upper grid market-

clearing price of electricity and hydrogen; a,, bq, s and a,, b,, c,are the generation cost

coefficients of the PDN and the GN.
10.5.2 Power Network Constraints

Equations (10.34) and (10.35) shows the active and reactive power balances at each bus. Equation
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(10.36) shows the voltage drop/rise on each line. Equation (10.37) shows the relationship between the

power flow, squared bus voltage magnitude, and the squared line current magnitude, which is non-convex.

P, +P —rpqxipq’,zzkeg P, +P%+P AN (10.34)
0,,, +0%, —x, xi, = zkegk O, (10.35)

V,t szt _2( Tog pas qut) ( ) Lqs (10.36)
b = (P + 00 ) [V (10.37)

V, <V, <V, (10.38)

JPL +0L <58, (10.39)

where qu’, ( qu,t) is the active (reactive) power flow from bus p to bus g; Q,f . 1s the reactive power

generated at bus g; 7, (X,,) is the resistance (reactance) from bus p to bus ¢; i, , is the squared

P pq.t

current magnitude on the distribution line pg; V,, is the nodal voltage; P, , (Q,,) is the active

St

(reactive) power flow from bus ¢ to bus &; BZ: is the electricity demand of EVs at bus ¢; Pq% , 1s the

electricity baseload demand; m and (¢) are the upward and downward limits.

10.5.3 Gas Network Constraints
Equation (10.40) shows the flow balance equation that the gas flowing into bus 4 equals the overall
gas flowing out of bus 4. Equation (10.41) shows the gas flow of the pipeline, which can be expressed

by the Weymouth flow equation[54, 249]. Equation (10.43) is the gas consumption of the compressor

[243].
G+ 3 P =X G ™ =
) (10.40)
z Flre + G” +Gr Ay
neQ, s
Fhre =sen(p, 00, )% ¥ g x\Jlpe = pil| (10.41)
1’ lfpg t 2 ph t
sgnl o, 0, )= . ' 10.42
( & h’t) {_1; lfpg,z <10h,t ( )
2
G =&+ Co X Hy + G < (Hy,, ) (10.43)

where ngf is the gas flow from pipelines g to 4; F;,’Zi’e is the gas flow from pipelines 2 to n; G
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is the gas consumption of the compressor; G;V, is the gas demand of EVs at bus #; G,f . 1s the gas

baseload; sgn ( PoisPis ) denotes the gas flow direction; p,, and p,, are the gas pressure at bus g

and bus i; W, is the pipeline constant; H,, , is the horsepower consumption of the compressor

. 1 3 . .
station; Gy, Gy, and Gy, are the conversion factors between the horsepower consumption and the

gas consumption.
10.6 Case Study
10.6.1 Experiment Setting

@ Transportation Node @ Electricity Bus () Gas Bus
@iEns1  QieHs2 QIEHS3

Feeder ——— Pipeline

Strathfield Burwood

Fig. 10-3. A coupled power distribution, gas, and transportation networks.

The proposed dynamic pricing strategy is verified in the IEEE 33-bus power distribution system
coupled with the 16-bus gas network and the 30-node transportation system, shown in Fig. 10-3. In this
diagram, the traffic network is simplified from an actual district in Sydney, Australia, which includes 30
nodes and 53 arterial roads. The power distribution system has one 110kV substation. The coupling
points are three IEHSs, namely IEHS 1 at electricity bus 26 (node 14 or gas bus 5), IEHS 2 at electricity
bus 14 (node 21 or gas bus 14), and IEHS 3 at electricity bus 31 (node 23 or gas bus 9) [228].

10.6.2 Simulation Results

Three case studies are carried out to prove the effectiveness of the proposed pricing strategy.

Case 1 Fixed pricing strategy for IEHS without considering energy substitution, under the assumption
of 100% EV rationality.

Case 2 Dynamic pricing strategy for IEHS without considering energy substitution, under the
assumption of 100% EV rationality [121].

Case 3 Dynamic pricing strategy for IEHS considering energy substitution, under the assumption of

100% EV rationality [258].
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Case 4 Proposed tri-level pricing strategy for IEHSs considering energy substitution and EV user
bounded rationality in decision making.
10.6.2.1 Middle level: simulation results for IEHSs

Figs. 10-4 to 10-7 show the energy price at the three IEHSs under cases 1-4, respectively. For case 1
in Fig. 10-4, the electricity charging price of the three IEHSs is fixed, and it is the highest compared with
the other three cases. For case 2 in Fig. 10-5, the dynamic electricity charging price is low during off-
peak periods, i.e., in both morning and evening. For cases 3 and 4, both electricity charging and hydrogen
refueling price are illustrated in Figs. 10-6 and 10-7 because energy substitution is considered. Moreover,
comparing case 4 with case 3, the energy price during the off-peak periods is lower. This is because
IEHSs under case 4 offer a coupon to incentivize EV users to make station selection decisions during

those periods.
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Fig. 10-4. Electricity charging price of three IEHSs under case 1.
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Fig. 10-5. Electricity charging price of three IEHSs under case 2.
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Fig. 10-6. Electricity and hydrogen price of three IEHSs under case 3.
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Case 4
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Fig. 10-7. Electricity and hydrogen price of three IEHSs under case 4.

TABLE 10-1. CASE COMPARISONS FROM THE PERSPECTIVE OF IEHSS

Case | Case | Case Case
Criteria Detailed items
1 2 3 4

Average demand
Attractiveness 430 759 988 1,187
(kWh)

Average revenue
142 235 264 305
(AUS)

Profitability
Average cost (AUS) 89 127 139 151

Average profit (AUS) 53 108 125 154

In Table 10-1, four cases are compared from two aspects of criteria, i.e., attractiveness and profitability,
to verify the effectiveness of the proposed pricing strategy. For attractiveness, the more demand is
serviced by the IEHS, the more attractive the station will be. It can be found that IEHSs under case 4 are
the most attractive for EV users because it has the highest average demand at 1,187 kWh per day
compared with the other three cases. For profitability, it can be found that although the average cost of
case 4 is the highest at 151 AUS, the average revenue for providing services to EV users is the highest at
305 AUS. Hence, case 4 has the highest average profit at 154 AUS.
10.6.2.2 Lower level: simulation results for EVs
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Fig. 10-8. Aggregated station selection choice at three IEHSs.

Fig. 10-8 shows the aggregated daily station selection choice at three IEHSs. It can be found that case
1 results in the lowest daily penetration of EVs. For cases 2 and 3, more EVs select the three IEHSs
compared with case 1 because the dynamic pricing strategy takes the responsiveness of EV demand into
consideration. As a result, when the demand is low, a lower price will be charged to attract more EV

demand, and vice versa. However, case 3 can attract more EVs because less service time at IEHSs will
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occur due to the availability of energy substitution between electricity charging and hydrogen refueling.
For case 4, the number of EVs that select the three IEHSs is the highest. This is because a coupon is

utilized to further incentivize more EVs to select IEHSs during off-peak periods.
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Fig. 10-9. Aggregated energy purchasing amount at three IEHSs.

Fig. 10-9 shows the aggregated energy purchasing amount of EV users at the three IEHSs, consisting
of energy from electricity charging and hydrogen refueling. In cases 1 and 2, no energy substitution is
considered. Hence, only electricity is purchased by EV users. Compared case 2 with case 1, the electricity
demand for the three IEHSs is higher. As for cases 3 and 4, energy substitution between electricity
charging and hydrogen refueling is incorporated. Compared case 4 with case 3, total demand is higher
for the three IEHSs. Moreover, the proportion of energy from hydrogen refueling is larger. This is
because EV users will make an energy purchasing decision considering the balance between energy cost
and charging/refueling time cost under case 4. Hence, the proportion of energy from hydrogen refueling

is increased to reduce the charging duration.
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Fig. 10-10. Aggregated service time at three IEHSs.

Fig. 10-10 shows the aggregated service time of EVs at the three IEHSs under the four cases. The
aggregated service time for the three IEHSs mainly covers the early morning and evening period as well
as at around 12:00 pm. It can be found that the three IEHSs under case 1 have a shorter service time than
case 2 because more energy demand is serviced under case 2. For case 3, the aggregated service time is
reduced compared with case 2. This is because energy substitution is considered. Hence, EV users can
substitute hydrogen with electricity to reduce service time. As an improvement, the aggregated service

time is further reduced under case 4.
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Fig. 10-11. Optimal purchasing decisions of 6 EV users under the four cases.

In Fig. 10-11, the optimal energy purchasing decisions of 6 chosen EV users that select the three IEHSs
under the four cases are illustrated. Note that & is used to transform the unit of hydrogen, i.e., GJ, into
the kWh. In cases 1 and 2, no energy substitution is considered. Hence, EVs only purchase electricity.
Note that the electricity demand of EVs in case 1 is more dispersed than that of case 2. This is because
the dynamic pricing strategy utilized in case 2 can better smooth the energy demand than the fixed pricing
strategy used in case 1. For cases 3 and 4, energy substitution is considered. Hence, a mixture of energy
is purchased. It can be found that the proportion of energy from hydrogen purchasing of EVs 5, 10, and
15 in case 4 is higher than that of case 3, which is verified by the optimal purchasing mixtures of the
three EVs. This is because EV users balance the energy cost and the time cost when making the energy

purchasing decision under case 4. Hence, a larger proportion of energy from hydrogen is evidenced.

TABLE 10-2. CASE COMPARISONS FROM THE PERSPECTIVE OF EVS

Casel | Case2 | Case3 | Case4
Average energy cost (AUS) 12.8 11.4 122 11.7
Average traveling time (hr/veh) 0.50 0.50 0.45 0.45
Average waiting time (hr/veh) 0.32 0.25 0.18 0.19
Average service time (hr/veh) 0.33 0.26 0.20 0.15
Average utility (AUS) 12.5 20.7 24.5 338

Table 10-2 shows the average energy costs, average time (traveling, waiting, and service), and average
utility of all the EV users under four cases. It can be found that case 4 has the second-lowest average
energy cost at 11.7 AUS. Comparing cases 3 and 4 with cases 1 and 2, the waiting time and service time
are reduced due to energy substitution. Among them, case 4 has the least average service time because
EV users under case 4 have considered not only energy cost but also charging/refueling time cost when
making the energy purchasing decision. Hence, the proportion of hydrogen purchasing is increased to
reduce the service duration. Furthermore, the average utility of EV users under case 4 is the highest at

33.8 AUS.
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10.6.2.3 Upper level: simulation results for the grid

TABLE 10-3. CASE COMPARISONS FROM THE PERSPECTIVE OF PDN AND GN

Case 1 Case 2 Case 3 Case 4
PDN loss cost (AUS) 281 274 256 239
PDN
Minimum voltage (p.u.) 0.9445 0.9532 0.9554 0.9593

In table 10-3, the impact of the pricing on the PDN is analyzed from two aspects, i.e., PDN loss cost
and downward voltage violation. It can be found that case 4 has the lowest PDN loss cost at 239 AU$ with
a minimum voltage of 0.9593 p.u. This is because the proposed pricing strategy can smooth the load at
IEHSs. Hence, the problem of downward voltage violation is avoided, and the PDN congestion is
mitigated.

10.7 Conclusions

The stochastic charging/refueling behaviors of EVs can result in operational challenges to IEHSs and
both PDN And GN. Hence, in this chapter, we propose a tri-level dynamic pricing strategy for IEHSs to
guide EV behaviors. First, a tri-level pricing strategy is formulated by incorporating the interaction
among EVs at the lower level, IEHSs at the middle level, and both PDN and GN at the upper level.
Second, the cognitive theory is applied to model the bounded rationality of EVs in station selection, in
which EVs will make station selection decisions considering other EVs' decisions. Third, energy
substitution of the PH2EVs is investigated. Simulation results indicate that the proposed pricing strategy
can increase the utility of EVs, enhance the profit of IEHSs, and mitigate congestion of both PDN and
GN. In the next chapter, the overall work will be summarized, and future research topics/opportunities

will be described as well.
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11. CONCLUSION AND FUTURE WORK

In recent years, the energy market has developed with uttermost rapidity in terms of two aspects. First,
the penetration of renewable generations has gradually replaced parts of the traditional ways to generate
energy, such as fossil fuel generation. However, the intermittent and unstable nature of renewable
generation can lead to energy supply uncertainty, which might exacerbate the imbalance between energy
supply and demand. Second, with the introduction of DERs, new categories of markets besides traditional
wholesale and retail markets are emerging, including the energy sharing market, renewable energy
trading market, P2P trading, etc. However, market participants might encounter various types of
uncertainties, including DER supply uncertainty, end-user behavior uncertainty, wholesale market price
uncertainty, etc. Hence, we propose risk hedging strategies that can be used to guide various market
participants in new categories of markets to hedge risks and enhance utilities. The major contributions
can be summarized as follows:

=  First, the rigorous mathematical models of profits in three types of markets are presented for the
gas generator, namely, the spot market, the ancillary market, and the financial market. In this model,
the revenues and costs have been calculated to derive the relative investment weights among the
three markets. Within the financial market, two types of options are utilized and accommodated to
the operation mechanism of the gas generator. Both the financial and physical tools have to be
considered to hedge the risks of the gas generator. As for the physical tools, P2G has been chosen
due to its promising future application. Within both the ancillary market and the spot market, a
comprehensive bidding process is also examined. Within the bidding process, the probability of
succeeding in a bid is figured out via a data-driven method that enables deep learning of the previous
bidding strategies. Moreover, a novel investment decision strategy among the three markets based
on the portfolio model has been proposed. By considering the budget limitations of the gas generator,
portfolio theory has to be applied to determine the optimal weight of the three markets and the
optimal weight of short put and short call options within the financial market. By plotting the
minimum variance frontier, the efficient frontier can be found [151]. Then the utility curve will be
used to tangent the efficient frontier. It can serve as a reliable method for asset management for the
gas generator that participates in the spot, the ancillary, and the financial market.

= Second, a rigorous risk-hedging model based on insurance is proposed for the retailer to hedge the
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risks at the transmission level. The conventional risk hedging insurance lacked the consideration of
the risk preference of the retailer on the total loss value caused by EEs [117]. As a result, the
insurance purchased will be ineffective and undesirable for the retailer. By contrast, in this chapter,
an economic adjusting index is introduced to represent the different risk aversion levels of the
retailer toward the low probability but high loss events, i.e., the EEs. The larger the adjusting index
is, the more risk-averse the retailer is. As a result, the larger the loss value caused by the EEs is.
Therefore, the retailer is more willing to pay for the insurance premium to get a higher chance of
receiving monetary compensation from the insurance, and vice versa. Furthermore, a risk
management strategy based on the strangle weather derivatives and ESS is designed for the retailer
to hedge the risks at the distribution level. The traditional risk hedging tools like options and
forward contracts relied heavily on the forecast of the electricity prices, such as [36, 37, 118].
However, the increasing penetration of DERs will further amplify the fluctuation of demands and
prices, which will increase the forecast difficulty. By using the proposed strangle weather derivative
and the ESS, the reliance on the prediction of the prices is avoided.

Third, a rigorous option-based DR mechanism based on both call and put options are implemented
to shift the consumption patterns of the EV users managed by the EVA to mitigate demand-supply
imbalance. For the call option, it is designed for the retailer to reduce peak demand when the energy
supply is smaller than demand by compelling the EVA to discharge a certain amount of electricity.
For the put option, it is designed for the retailer to increase demand when the energy supply is
higher than the demand by compelling the EVA to charge a certain amount of electricity.

Fourth, DNO and the DR aggregator belonging to different agents can cooperate to realize the real-
time price-based DR with operating envelope via limited exchanges of representative information.
Therefore, the DR aggregator can choose a preferable usage profile within the operating envelope,
which provides more initiatives to the DR aggregator. The improvement of the DR scheduling
structure to coordinate the DR aggregator and DNO is of great practical significance. With the
proposed framework, the DR aggregator is not required to obtain unauthorized data at a higher level,
and less communication burden will be brought to the cyber-physical network. Since less
information exchange is required, data security problems will be unlikely to occur.

Fifth, a dynamic pricing strategy, considering the competition relationship between EVCSs, is
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proposed based on a coupled PDN and TN to maximize the net charging profit of the EVCS. Under
this pricing strategy, more charging demand can be attracted. Additionally, the proposed pricing
strategy can achieve spatial load shifting by incentivizing EV users to alter their station-selection
decision to avoid congestion of the electricity network. Moreover, a two-step approach is proposed
to quantitatively formulate the total charging demand responsiveness towards the charging price
based on the optimally assigned traffic flow. With this approach, the balance between the charging
price, total charging demand, and the queueing length can be obtained.

Sixth, a two-stage pricing model for energy storage sharing coordinator has been presented based
on the clustering of different load patterns. In the proposed model, the price structure and the price
level for capacity sharing are jointly optimized. Novel concepts of bulk capacity borrowing and
discount sensitivity are introduced to model individualized pricing for the first time. Bulk capacity
borrowing and discount sensitivity are utilized to incentivize more prosumers to participate in the
capacity sharing process and enhance the sharing profits of the coordinator. In addition, a new
business mode is formulated to determine a more reasonable payment rule for energy storage
sharing. Traditionally, prosumers who are engaged in energy storage sharing will be charged
according to the net discharging at a specific time. However, in our chapter, the concept of the
capacity borrowing state is introduced, which can better reveal the essence of the sharing economy.
That means the payment rule is closely related to the time length of borrowing.

Seventh, a novel business model of credit-based sharing has been proposed to integrate both
capacity sharing and energy sharing. The time accumulation effect has been considered via the
proposed credit points, which can better reveal the essence of the sharing economy. Additionally,
the payment rule is closely related to the time length and amount of the shared capacity and the
shared energy that the prosumers borrow. When the credit is positive, the prosumers are borrowing
the capacity of the ESS managed by the coordinator; when the credit is negative, the prosumers are
borrowing the energy from the ESS either in the form of electricity or hydrogen. Moreover, two
pricing strategies have been proposed to increase the total net profits of the coordinator and the
willingness of the prosumers to participate in the sharing process. Customized pricing strategies are
applied to capacity and energy sharing, respectively. When the credit is positive, the proposed cost-

based pricing is applied to determine the price of the shared capacity; when the credit is negative,
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the proposed demand-based pricing is applied to determine the price of the shared energy, which
has fully utilized the dynamic demand-supply information.

=  Eighth, a tri-level pricing strategy for IEHSs is formulated considering the integration among EVs,
IEHSSs, and both the PDN and GN. In this pricing strategy, the temporal shift of EVs within one
IEHS and the spatial shift of EVs among multiple IEHSs are modeled. With the proposed tri-level
pricing mechanism, IEHSs can ensure the charging/refueling services based on the dynamic
charging/refueling response of EVs while mitigating the congestion of both the PDN and GN. To
ensure the effectiveness of the pricing strategy in guiding EV behaviors, the bounded rationality of
EVs in station selection is rigorously modeled based on the cognitive hierarchy (CH) theory. To be
specific, EVs are categorized into heterogeneous cognitive levels, and the strategic thinking process
of EVs that they will make decisions by considering the decisions of other EV's with lower cognitive
levels is analyzed. Furthermore, the energy substitution effect of PH2EVs when making energy
purchasing decisions is mathematically modeled. On the one hand, the optimal energy purchasing
mixture of electricity and hydrogen is derived based on the consumer choice theory. On the other
hand, the relationship between energy demand and energy price is established based on both the
self-price elasticity and cross-price elasticity.

In the future, one of the challenges of this work is the generalization capability of the proposed data-
driven models, including SC-GAIN for missing data imputation and the learning of the sensitivity
functions. The demand level and the capacity of the renewable energy generator will continuously
increase annually. Whether the currently trained model can adapt to future power system environments
is challenging. One method to enhance the generalization capability is to add both the historical and
generated data to the dataset according to the method in [214]. First, the future load is first predicted
based on the long-term forecasting technologies presented in the literature [215]. Then, Gaussian noise
is added to the predicted load level. Different scenarios are created for the possible allocation of
renewable energy generators in the future, and Monte Carlo simulations will run to decide the output of
the renewable energy generation at each bus. The uncertain demand and renewable energy generation
compose the generated data set. Both historical data and the generated data are fed for training. In this
way, the trained model can perform well under different demand levels and generation mixes. In future

work, an online learning process can be further developed to revise the trained model timely so that the
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trained model can adapt to the time-varying electricity network. The second critical challenge is that the
typology of the distribution network may change due to network expansion. When the typology of the
network changes, the data-driven model needs to be re-trained since the dimension of the problem may
change. However, owing to the development of heterogeneous transfer learning, a new model can be
trained rapidly, and the methodology to extend the current model to the different network topology is
considered for our future work.

Second, we can consider using an advanced DBSCAN algorithm, such as adaptive DBSCAN, to
choose the Eps automatically [242]. In this way, artificial intervention in the clustering process can be
avoided, and the complete automation of the clustering process can be realized. Besides, data mining on
the characteristic identification of the prosumers, including the demand elasticity, electricity usage habits,
and sociodemographic characteristics, can be further realized. Based on these features, a refined
clustering of the prosumers can be realized to help the coordinator formulate a more reasonable pricing

strategy.
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