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Abstract
One feature that is hoped for in the smart grid is the participation of energy prosumers in
a power market through demand response program. In this work, we consider a third-party
virtual power plant (VPP) that has “real-time” control over a number of prosumers’
storage units within an envisaged free market. Typically, a VPP with domestic energy
storage will involve a bidirectional flow of energy, where energy can either flow from the
grid to the prosumers’ battery or from the prosumers’ battery to the grid. Such a system
requires prices to be set correctly in order to meet the market objectives of all the VPP
stakeholders (VPP Aggregator, prosumers, and grid).
Previous work has shown how VPPs could operate, and the benefits of using energy
storage, coupled with pricing, in terms of reducing energy cost for stakeholders and
providing the grid with its required load shape. The published work either assumes prices
or costs or then optimises for least cost within the grid parameters i.e. losses, voltage
limits, etc. However, the setting of prices in such a way that energy can be traded among
VPP stakeholders that satisfies all stakeholders’ objectives has not been fully explored in
the literature, particularly with real-time VPP aggregators.
In this thesis, we present novel strategies for evaluating and setting the prices of a
community VPP with domestic storage based on the bidirectional flow of energy through
the VPP aggregator between the grid and the prosumers that mutually meet all VPP
stakeholders’ objectives. This showed that depending on pricing and the VPP objectives,
demand-side management could be attractive. However, the effect on the grid in terms of
the load was not what was desired. A new performance index called the “Cumulative
Performance Index” CPI is proposed to measure the VPP’s performance. Using the CPI,
it was possible to compare and contrast between the VPP technical performance and its
business case for stakeholders. Optimizing with respect to the grid’s requirement for DSM
from the VPP, it was possible to achieve a CPI of 100%. This work was implemented
using a novel approach on a genetic algorithm platform.
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Commercial Virtual Power Plant.
Day Ahead.
Department of Energy and Climate Change.
Distributed Energy Resources.
Distributed Generators.
Dynamic Load.
Distribution Network.
Depth of Discharge.
Department of Energy.
Dynamic Pricing.
Demand Response.
Demand Side Management.
Distribution System Operator.
Embedded Energy Storage.
Energy Management System.
Energy Storage.
Electric Vehicle.
Electric Vehicle Supply Equipment.
Grid to Vehicle.
Genetic Algorithm.
Independent System Operator.
Load Factor.
Multi-Agent System.
Mixed Integer Non-Linear Programming.
Mixed Integer Linear Programming.
Market Operator.
Modified Pricing Scheme.
New Electricity Trading Arrangement.
National Grid.
Office of Gas and Electricity Management.
Peak to average ratio.
Percentage Change.
Proposed Pricing Scheme.
Peak Time Rebate.
Photovoltaic.
Renewable Energy Resources.
Real Time.
Residential Units.
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SFC
SM
SO
SOC
SSW
TOU
TVPP
UK
V2G
VPP
WM

Shared Facility Controller.
Smart Meters.
System Operator.
State of Charge.
Stakeholders’ Social Welfare.
Time of Use.
Technical Virtual Power Plant.
United Kingdom.
Vehicle to Grid.
Virtual Power Plant.
Washing Machine.
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Nomenclature
𝐴𝑡
𝐵𝑡
𝐶𝑐
𝑔𝑒𝑛
𝐶𝑑𝑒𝑝
𝐶𝑓
𝐶𝑓𝑢𝑒𝑙
𝐶𝑔
𝐶𝑟𝑢𝑛
𝐶𝑠
𝐶𝑠𝑒𝑟𝑣
𝐶𝑡
C/kwh
𝐶𝑡𝑜𝑡𝑎𝑙
D
̅
𝐷
𝐷𝑒𝑝𝑐𝑜𝑠𝑡
𝐷𝑓
𝐷𝑛𝑜𝑟𝑚
𝐸𝑖𝑟𝑎𝑡𝑒
𝑐ℎ𝑔

𝐸𝑖,𝑡
𝑑𝑖𝑠
𝐸𝑖,𝑡
𝑖𝑑𝑙𝑒
𝐸𝑖,𝑡
𝑎𝑓𝑓

𝐸𝑖,𝑡

𝑐𝑑
𝐸𝑖,𝑡
𝑙𝑜𝑠𝑠
𝐸𝑖,𝑡
𝑠𝑡𝑜𝑟𝑒𝑑
𝐸𝑖,𝑡
𝐸𝑖𝑏𝑎𝑡𝑡
𝐸𝑖𝑖𝑛𝑖𝑡

𝐸𝑖𝑛
𝑐ℎ𝑔
𝐸𝑚𝑎𝑥,𝑖
𝑑𝑖𝑠
𝐸𝑚𝑎𝑥,𝑖
𝑔𝑟𝑖𝑑

𝐸𝑚𝑎𝑥

Logic state of 𝜆𝑡 at t (Logic state either 0 or 1).
𝑑𝑦𝑛
Logic state of 𝐸𝑡 at t (Logic state either 0 or 1).
Capital cost of generator (£/kW).
Daily depreciation cost of generator (Pence/Day).
The cost of gasoline per Litre (Pence/Litre).
The daily cost of gasoline used by the household’s generator per day
(Pence/Day).
Purchasing cost of generator (£).
Daily running cost of generator (Pence/Day).
Cost per Services (Pence/Service).
Daily maintenance Service cost of generator (Pence/Day).
Performance state at t (XNOR logic combination of inputs 𝐴𝑡 and 𝐵𝑡
with logic output either 0 or 1).
Cost per kWh of electricity produced by generator (Pence/kWh).
Total daily cost per day (Pence/Day).
UK National rolling system demand (MW).
Mean value of the UK National rolling system demand (MW).
Battery depreciation cost.
Amount of gasoline fuel consumed by the generator during daily
dispatch (Litre s).
Normalized UK National rolling system demand (Per Unit) (VPP
import price for K number of samples.
The rate of energy discharge specified by the manufacturer of
prosumer i battery (Per Unit).
Charge energy for prosumer i battery at t (Per Unit).
Discharge energy from prosumer i battery at t (Per Unit).
Idle energy of prosumer i battery (which is 0 Per Unit).
Equivalent of the discharge energy from the battery’s perspective of
prosumer i under Peukert effect at t.
Charge or Discharge energy of prosumer i battery at t (Per Unit).
Energy loss in prosumer i battery at t as a result of Peukert effect
(Per Unit).
Prosumer i cumulative battery energy level at t (Per Unit).
Actual battery capacity of prosumer i (Per Unit).
Prosumer i initial battery energy level before participation in the day
ahead power market (Per Unit).
Energy input from gasoline fuel to generator (kWh).
Maximum charge energy that can be allocated to prosumer i battery
(Per Unit).
Maximum discharge energy that can be allocated to prosumer i
battery (Per Unit).
VPP’s maximum energy exchange that grid allows (Per Unit).
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𝑐ℎ𝑔

𝐸𝑚𝑖𝑛,𝑖
𝑑𝑖𝑠
𝐸𝑚𝑖𝑛,𝑖

𝐸 𝑛𝑜𝑟𝑚
𝐸𝑜
𝑑𝑦𝑛
𝐸𝑡
𝐸𝑡𝑒𝑥𝑝
𝐸𝑡𝑖𝑚𝑝
𝐸𝑡𝑛𝑝𝑣
F
F1
F2
F3
F4
i
J
K
k
m
N
P
𝑃𝑖𝑛𝑐
𝑠𝑎𝑣𝑒
𝑃𝑖𝑛𝑖𝑡,𝑖
𝑃𝑡𝑖𝑛𝑐
𝑃𝑡𝑛𝑒𝑡
𝑅2
𝑆𝑂𝐶𝑖,𝑡
𝑆𝑂𝐶𝑖𝑛𝑖𝑡,𝑖
𝑆𝑂𝐶𝑚𝑎𝑥 𝑖
𝑆𝑂𝐶𝑚𝑖𝑛 𝑖
S1
T
t
𝑇𝑠
𝑈𝑓
𝑉𝑃𝑃𝑡𝑐𝑜𝑠𝑡
𝑝𝑟𝑜𝑓𝑖𝑡
𝑉𝑃𝑃𝑡
𝑉𝑃𝑃𝑡𝑟𝑒𝑣
W1
W2
W3

Minimum charge energy that can be allocated to prosumer i battery
(Per Unit).
Minimum discharge energy that can be allocated to prosumer i
battery (Per Unit).
VPP export price for K number of samples.
Energy output of generator (kWh).
VPP net dynamic load at t (Per Unit).
Energy exported to grid by the VPP aggregator at t.
Energy imported from the grid by the VPP aggregator t
Energy generated from community solar farm that is not used (Per
Unit).
VPP stakeholder’s social welfare (Pence).
Optimisation function for VPP aggregator’s profit (Pence).
Optimisation function for prosumers’ net cost (Pence).
Optimisation function for the CPI in terms of its financial benefit to
the ISO (Pence).
Optimisation function in terms of the prosumers’ net savings
(Pence).
Index number of prosumer (dimensionless).
Number of candidate solution.
Total number of UK’s national rolling system demand samples.
Index number for each demand samples.
Index number.
Total number of prosumers (dimensionless).
Rated power of the generator (kW).
Prosumers’ Incentives (Pence).
Initial savings of prosumer i at t (Pence).
Prosumers’ incentives at t (Pence).
Prosumers’ net cost at t (Pence).
Coefficient of determination (dimensionless).
SOC of prosumer i battery at t (Percent).
Initial SOC of prosumer i battery at t (Percent).
Maximum SOC of charge of prosumer i battery (Percent).
Minimum SOC of charge of prosumer i battery (Percent).
Sum of fitness of each candidate solution.
Total number of time intervals (hour or half-hour).
Time interval (hour or half-hour).
Total number of Service made per month (Service/Month).
Utilisation factor of generator (dimensionless).
VPP aggregator’s cost at t (Pence).
VPP aggregator’s profit at t (Pence).
VPP aggregator’s revenue at t (Pence).
Weighting for F1.
Weighting for F2.
Weighting for F3.
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W4
𝑏𝑢𝑦
𝛼𝑡
𝑠𝑒𝑙𝑙
𝛽𝑎𝑣𝑔
𝛽𝑡𝑠𝑒𝑙𝑙

𝛾𝑡𝑒𝑥𝑝
𝛿𝑡𝑖𝑚𝑝
𝜂𝑐𝑜𝑛𝑣
𝑐𝑑
𝜂𝑐𝑜𝑛𝑣
𝜆𝑡
𝜎𝑘
𝜎𝑝𝑒𝑎𝑘
∆t
ϕ
Ω
Ө1
Ө2

Weighting for F4.
Prosumer buy price of energy from VPP aggregator at t (Pence/Per
Unit).
Average sell price of energy for the prosumers (Pence/Per Unit).
Prosumer sell price of energy from battery to the VPP aggregator at
t (Pence/Per Unit).
VPP aggregator export price of energy to the grid (Pence/Per Unit).
VPP aggregator import price of energy from the grid at t (Pence/Per
Unit).
Efficiency of converter (i.e. AC to DC visa vis).
Efficiency of the converter for both charge and discharge operation
of the battery (dimensionless).
VPP and grid’s exchange price of energy at t (Pence/ Per Unit).
The deviation of k sample of 𝑑𝑘 from 𝐷 (MW).
Peak deviation (MW).
Incremental step size of t.
Peukert constant (dimensionless).
Depreciation cost factor (Dimensionless).
Constant (dimensionless).
Constant (dimensionless).
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1 INTRODUCTION
In the traditional electricity grid, provision of electricity by utility companies to
consumers involved a centralized grid topology and depicts a top-down approach in
which electricity is produced from remotely located generators and is transmitted via
a transmission line to a substation where its voltage is stepped down before it is
distributed to the consumers. Figure 1-1 shows the traditional electricity grid.

Figure 1-1: Traditional electricity grid.
In Figure 1-1, the generation unit consists of coal and nuclear plant, although other
forms of generation like steam, gas, and diesel plant can also be used. Features of
the traditional electricity grid include that: it has a centralized power generation; a
unidirectional flow of electricity; a one-way communication system; a manual control
system; a manual recovery system; it has fewer sensors; it is less automated; it uses
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a redial distribution network (DN) in most cases, and has fewer security and privacy
concerns [1-4].
Some of the key challenges associated with using the traditional electricity grid
include: the transmission and distribution losses associated with the long distance
involved in conveying electricity, the high cost and barriers in extending the grid to
difficult terrain, the greenhouse gas emission from remotely located generators, and
the high cost of fossil fuels [4-8].
In addition, it was not possible for consumers to monitor their load in real time (RT)
so as to adjust their loads with regard to the grid’s requirement for demand-side
management (DSM). As a result, the knowledge of the consumers was limited to
monthly electricity bills. The grid’s independent system operator (ISO) had to rely on
the utilities’ generators for the provision of services like peak services, valley services,
regulation services, and spinning reserves in order to achieve the grid’s required load
shape. Provision of these services was associated with ramping up and down of
generator output, increasing generator power capacity, and start-up and shutdown
of generators. While to a lesser degree, these approaches have addressed these
challenges, they were however characterized by limitations, such as generator
efficiency loss during ramping of power output, high start-up/shutdown generator
costs [9], slow generator response time during fast load change, environmental
hazards, high cost of fuel, and the additional cost of investment required to enhance
grid capacity [10, 11].
With these challenges and the growing necessity for the integration of renewable
energy resources (RER) in to the energy mix, coupled with the need for technological
2

advancement that is focused on maximising the power grid, it becomes important to
modernize the electricity grid through the adoption of smart grid technology [5, 12].
Figure 1-2, is a diagram showing the smart electricity grid.

Figure 1-2: Smart electricity grid.
Figure 1-2 shows that, unlike the traditional electricity grid, smart grid features offer
a bidirectional flow of energy, a reliable and secure two-way information and
communication system, as well as intelligent monitoring, control, and self-healing [1,
13-16]. A major advancement of the smart grid is the evolution of the virtual power
plant (VPP) and the smart micro-grid. Both technologies have been proposed by
many authors to provide an effective platform to enhance local production and
consumption of energy, making them suitable for a paradigm shift from a centralized
means of electricity production to a decentralized means of production. This is
because they are able to integrate, aggregate and coordinate distributed energy
resources (DER) mainly from local renewable sources, thereby facilitating energy
3

production locally which can be used for meeting demands within a community. Also,
the energy from several units of DER can be locally aggregated for trading externally
with the grid in order to ensure stable operation of the grid.
The use of DER at the local community level would be supported with a smart grid
which offers a platform for energy consumers with DER to become producers, also
known as prosumers. Prosumers’ participation in a VPP is because prosumers on
their own do not have the required capacity to negotiate in the power market, as this
is done at the wholesale level. However, prosumers within a community can be
aggregated into a VPP, thereby offering larger volumes of trades and productivity.
Recently, the penetration of RER has increased. The need for ES has become critical
to the grid. This is because it can be used locally to smoothen the peaks and troughs
of renewable generation. ES is an asset to prosumers, VPP aggregators, and the grid.
It offers the benefits of DSM in terms of financial reward to the prosumers and the
VPP aggregator, as well as helping in the balancing of the grid. The use of ES is further
supported by various government initiatives: for example in the UK, ES forms one of
the key strategies adopted by the government to decarbonize its energy supply.
Several studies, as will be discussed in chapter 3, have demonstrated the business
potentials of ES, and how the VPP can act as a third-party in aggregating prosumers’
ES units and determining their schedules to enable them to support the grid. These
studies also proposed different control methods and the algorithms required by the
VPP for scheduling.
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1.1 Motivation for Research on Community Energy Systems
The motivation for this research is drawn from the energy crisis in Nigeria. According
to the World Bank energy report, Nigeria has one of the world’s lowest per capita
electricity consumption which is 156 kWh per capita; and only 55.6% of the
population have access to the electricity supply [17, 18]. This is in contrast to Nigeria’s
energy potential as the world’s sixth largest producer of crude oil, and 14th largest
exporter of Natural gas. This energy crisis, according to a United State Energy
Information Administration report, has resulted in the fact that over 30% of electric
energy consumed in Nigeria is provided by inefficient gasoline generators [19]. In
view of the energy crisis coupled with the financial potentials demonstrated by
energy consumers living in the urban residential area of Port-Harcourt, Nigeria, who
have been able to fund a community supply (chapter 2), is the motivation for this
research.

1.2 Problem Statement
The morning and evening peak loading on the grid has major consequences on the
grid and costs the utility companies a lot of money. Likewise, the off-peak, which
occurs mainly in the night time. Utilities are always on the lookout for a means of
balancing the demand on the grid, if possible at all times and seasons. Under the
smart grid paradigm, several studies (chapter 3) have presented the different pricing
strategies used for load scheduling during DSM to curtail peak and off-peak demand.
Examples of these are the time of use tariff (TOU), critical peak pricing (CPP), peak
time rebate (PTR), day ahead (DA) pricing, and real-time (RT) pricing. Utility
companies in the UK have adopted TOU tariffs such as economy 7, and economy 10
5

in order to facilitate DSM. However, these pricing strategies are mainly applicable to
the unidirectional flow of energy between the consumers and the grid.
With the adoption of ES at the distribution level, bidirectional flow of energy between
the prosumers and the grid could occur. Various strategies to do this effectively have
been proposed in the literature, which include pricing strategies to help provide
demand response (DR) to the grid and to provide incentives to prosumers, and
algorithms to schedule ES activities. However, due to the small individual role of
prosumers in terms of their ES capacity, there is little interest.
Recently VPPs have been proposed in the literature that aggregate prosumers, and
hence facilitate providing grid services. Papers published show that VPPs are feasible
and that the smart grid environment would support this [20, 21]. Algorithms have
been published in the literature that show how VPPs could operate and how
scheduling can be done to optimise the cost. However, there is lack of clarity on how
VPP stakeholders will interact with each other in RT, particularly on the way the VPP
aggregator and the grid could set prices and how VPP performance can be evaluated.
Finally, how all the stakeholders could benefit simultaneously during scheduling with
respect to meeting the VPP objective during DSM remains unclear.

1.3 Aim and Objectives
The main aim of this thesis is to explore the possibility of setting up VPPs for local
communities and to investigate how pricing strategies can be used to facilitate local
participation of prosumers in the power market using ES that would be valuable to
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all VPP stakeholders during DSM. The following objectives have been set to meet the
defined aim of this study:


To investigate the financial potentials of setting up local community supply
for middle-class urban dwellers, particularly for developing countries with
similar demographics like Nigeria. This work forms part of the motivation.



To perform an in-depth literature review of VPP and ES.



To investigate the use of embedded energy storage (EES) under community
VPP operation in DSM as well as to use a genetic algorithm to optimise the
VPP’s energy transaction during arbitrage.



To review existing dynamic pricing (DP) strategies in terms of DSM, and to
investigate the different strategies of setting prices that are valuable
simultaneously to the prosumers, VPP aggregator, and the grid, while
meeting the VPP’s objective during arbitrage of EES in order to provide DSM.



To develop a VPP performance index called the CPI (Cumulative Performance
Index) which would be a useful tool for both VPP aggregators and grid
operators to assess the technical performance of the VPP with EES in terms
DSM.



To develop a VPP stakeholders’ social welfare index (SSW) that accounts for
the prosumers’, VPP aggregator’s, and the grid operator’s objectives during
DSM.



To investigate the limitations of Peukert effects on EES in terms of the VPP
SSW, under a given price. This is to assist planners to consider the Peukert
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effects of battery storage when setting prices for VPP with EES under Peukert
conditions.


To investigate the integration of alternative DER like EV and PV. This is to
assist in understanding the effects of EV’s mobility and photovoltaic (PV)
generation on both the technical and business case of VPPs so that planning
can be made in terms of pricing.



Investigate the development of prices based on the national demand for local
community VPP that accounts for stakeholders’ objective while providing
DSM to the grid.

1.4 Contributions
This thesis investigates and identifies the potentials of setting up VPP for local
communities which would involve the use of ES that allows for trading of energy
among VPP stakeholders with bidirectional flow of energy between the prosumers
and the grid with the VPP aggregator acting as the intermediary during DSM. Its
contributions lie in its effectiveness in looking at the feasibility of setting up VPP for
local communities as well as an exploration of both the business and technical case
of the VPP. This thesis makes the following contributions which are summarized as
follows:


The thesis identifies that the financial potentials of energy consumers living
in a certain urban area in Nigeria would enable them to fund local community
supplies based on their existing investments in privately owned back-up
generators and the energy wastage associated with these generators.
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The thesis provides a detailed study of how prices can affect the electrical
flow of energy within a deregulated market with VPPs and battery storage
and hence is critical to the development of such plants.



In the thesis, a novel methodology of evaluating the technical performance
of virtual power plants with storage is been presented and an index known as
the CPI is given for the first time. The proposed CPI is a useful tool which can
be used to evaluate the dynamic load performance of the VPP with respect
to the grid’s requirement for DSM from the VPP.



The thesis also proposes a stakeholders’ social welfare (SSW) that accounts
for all the VPP stakeholders’ financial rewards and technical reward.



The thesis clearly demonstrates that the VPP technical case in terms of CPI is
not necessarily maximum when its business case is maximum. It showed that
the best pricing regime in terms of VPP business case may not be the best
pricing regime in terms of VPP technical case.



This work showed that under VPP SSW optimisation, increasing depreciation
cost has more effect on the VPP aggregator in terms of profit compared to
other stakeholders’ welfare. Also, as the Peukert effect increases, the VPP
SSW in terms of the VPP aggregator’s profit, prosumers’ incentives, and the
VPP CPI decreases. The underutilisation of the battery for DSM increases as
the Peukert effect increases.



The thesis compared and contrasted VPP under EES and under EV. It showed
that the unavailability of the EV for charging and discharging purposes will
have an impact on the system and must be accounted for in pricing strategies.
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1.5 Publications
1.5.1 Submitted Journals
1. O. Okpako, H.-S. Rajamani, K. S. Swarup, R. Abd-Alhameed, “Distributed
Energy Resources under Virtual Power Plant Operation: A Review”, Renewable
& Sustainable Energy Reviews, under review, Jan 2019.
2. O. Okpako, H.-S. Rajamani, and E. M. Nyong’a, “Transformative Potential for
the Introduction of Community Supply in Emerging Economies: A Case Study
in Nigeria”, Energy Policy, submitted in Dec 2018.
3. O. Okpako, H.-S. Rajamani, K. S. Swarup, and P. Pillai, “Evaluating the
Dynamic Load Performance and the Incentives of a Community Virtual Power
Plant under various Pricing Regimes”, IEEE Transaction on Industrial
Electronics, under review, Jan 2019.

1.5.2 Accepted and Published Conference Papers.
1. O. Okpako, H.-S. Rajamani, and R. Abdel-Alhameed, “An Investigation of

Peukert Effect on Domestic Energy Storage Integration under Virtual Power
Plant Operation in Demand Side Management”, In IEEE Power and Energy
Society, Innovative Smart Grid Technology, Washington DC, USA, 2019.
2. O. Okpako, H.-S. Rajamani, P. Pillai, U. Anuebunwa, and K. S. Swarup, "A new
performance index for evaluating community virtual power plant with
domestic storage," in IEEE Power & Energy Society General Meeting, 2017
IEEE, 2017, pp. 1-5.
3. O. Okpako, H.-S. Rajamani, P. Pillai, U. Anuebunwa, and K. S. Swarup,
"Investigation of an optimised energy resource allocation algorithm for a
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community based virtual power plant," in PowerAfrica, 2016 IEEE Power &
Energy Society, 2016, pp. 153-157.
4. O. Okpako, H.-S. Rajamani, P. Pillai, U. Anuebunwa, and K. S. Swarup,
"Evaluation of community virtual power plant under various pricing
schemes," in Smart Energy Grid Engineering (SEGE), 2016 IEEE, 2016, pp. 7278.

1.5.3 Published Book Chapters
1. Okpako, O., Rajamani, H.S., Pillai, P., Anuebunwa, U. and Swarup, K.S., 2017,
September. A Comparative Assessment of Embedded Energy Storage and
Electric Vehicle Integration in a Community Virtual Power Plant.
In International Conference on Wireless and Satellite Systems (pp. 127-141).
Springer, Cham.
2. Okpako, O., Adamu, P.I., Rajamani, H.S. and Pillai, P., 2016, September.
Optimisation of community based virtual power plant with embedded
storage and renewable generation. In International Conference on Wireless
and Satellite Systems (pp. 95-107). Springer, Cham.

1.6 Thesis Organization
This thesis is divided into eight chapters. Chapter 1 presents a brief introduction of
the research topic, states the overarching aim and objectives of the work and also
highlights the problem statement.
Chapter 2 presents a pilot research work carried out in Nigeria. It demonstrates the
financial potentials of energy consumers living in residential urban areas of
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developing countries to fund a community supply. This chapter forms a key
motivation for this research on community VPP.
Chapter 3 presents a literature review of VPP. It discusses the types of VPP, VPP
control methods, VPP components, scheduling algorithm for VPP, DER particularly ES
and EV under VPP operation, VPP under DSM, VPP potentials in the UK, existing DP
and barriers to the deployment of VPP, the chapter concludes by identifying lack of
pricing design that meets the objective of all VPP stakeholders under a bidirectional
flow of energy during DSM and the immaturity the aggregation market as limitations
to the uptake of VPP.
Chapter 4 investigates the pricing design suitable for community VPP with EES during
arbitrage when providing DSM to the grid. The chapter starts with initial pricing based
on percentage, which then resulted to the development of three types of scheme
which includes; proposed pricing scheme (PPS), modified pricing scheme (MPS) and
adapted pricing scheme (APS), which are all investigated using GA for scheduling. The
work in chapter 4 also develops a performance index which can be used by both VPP
and grid operators to assess the performance of VPP in terms of DSM. A VPP SSW is
proposed which simultaneously considers the objectives of the prosumers, VPP
aggregator and the grid during DSM. The scenarios of chapter 4 were carried out with
different aforementioned pricing regimes, VPP objectives, different initial battery
conditions, and battery depreciation cost. The results are presented and discussed.
Chapter 4 also investigates the Peukert effect of battery storage on VPP SSW. It uses
MPS.
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Chapter 5 investigates the use of alternative DER like EV, and PV generation with EES
in community VPP, and highlights the importance of the pricing regime for VPP with
EV accounting for EV’s unavailability. The chapter also highlights the importance of
pricing and solar generation for VPP with PV and EES.
Chapter 6 investigates the possibility of developing a pricing scheme using both the
UK national demand and the prosumers load. Unlike the pricing strategies used in
the previous chapter which were manually set, a genetic algorithm hat considers the
stakeholder’s objectives is used to determine the optimal prices and the energy
transaction.
Chapter 7 presents the discussion section, with a focus on reflections based on the
approach adapted and the results obtained. It highlights the contributions and the
gaps in this work which forms the basis of future research.
Chapter 8 presents the thesis conclusion which summarises the contributions made
by this research and also discusses some recommendations for future work and
development.
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2 PILOT RESEARCH WORK
This chapter presents for the first time data on the quantity of electricity generated
from back-up power systems in an urban residential area of a developing subSaharan African country where electricity from the grid is unreliable. This was part of
the SITARA project on smart grids, which investigates the feasibility of ES and
community energy systems for urban communities in developing countries. The aim
of the study is to set a baseline for evaluating future community supplies like VPP or
micro-grid designs, to demonstrate that people living in urban communities in some
developing countries do already pay above the market price for such electricity
systems and to show that they could fund community supplies. This could be
transformative in the way these countries access electricity. It is envisaged that this
would be a key driver towards sustainable energy for urban communities in
developing countries, particularly sub-Saharan Africa. The study is based on data
obtained from a survey that was carried out in a residential area of Nigeria. The study
shows that electricity produced using back-up gasoline generators costs around 59p
(Sterling/kWh), and an average of £2.50 (Sterling pound) is spent per day. These
generators were found to be highly inefficient at less than 8% and with utilisation of
about 40% [22]. Finally, it is proposed that community supply based on solar energy
and storage could be feasible if local communities are permitted to fund their set-up.

2.1 Introduction
Universal access to affordable and reliable sources of energy by the year 2030 is one
of the seventeen sustainable development goals of the United Nations (goal 7) [23],
which should be considered a priority by developing countries, as it is a catalyst for
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economic growth and national development [24-28]. Most developing countries are
signatory to the United Nations Paris convention on climate change, particularly
article 2 [29], and so it is imperative to have a concerted effort to initiate strategies
to develop solutions which will improve electricity access and reduce the carbon
footprint.
Centralized generation has been the conventional method of providing electricity in
most countries. However, in many developing countries, the centralized grid has still
not reached a significant proportion of electricity consumers in rural areas. The urban
areas which have access also still do not enjoy the benefit of the grid as often such
access is characterized by blackouts, brownouts, load shedding, etc., and could be
unaffordable [30, 31]. As a result, centralized grid access in urban areas in many
developing countries does not meet the World Bank definition of energy access [3033].
A drive towards community supply could be a way forward for many developing
countries to solve their energy crises, particularly in the urban areas, as these
countries are witnessing an increasing percentage of the urban population [34], and
have a likelihood of increasing energy demand in their urban communities. These
technologies are capable of existing in parallel with or being independent of the grid
[35]. They make use of DER and flexible loading, which are aggregated to meet load
demand [36, 37]. They stimulate sustainable energy communities, as they could
provide affordable energy, enhance energy security, efficiency, and consumption of
clean energy from RER [38-41].
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The infrastructural deficit on the centralized grid in developing countries and the
decreasing cost of distributed energy resources means developing countries could
easily integrate community supply into their electricity network [30, 42]. Such energy
projects at the community level could involve local people as stakeholders. In India,
a proposal for 15% equity for local people in community energy projects has been
proposed as a key strategy for the Indian government to enhance its energy security,
and minimise its carbon footprint [43].
The purpose of this chapter is to investigate the potential of introducing community
supply in the residential areas of the third world (developing) countries. In order to
do this, we required an assessment of the current demand and the current
expenditure on back-up systems used in these areas. This chapter presents primary
data on the energy usage and costs of electricity back-up systems used in a local
residential community in Nigeria, and based on the findings, demonstrates the extent
to which the communities are willing to financially support initiatives that would
provide secure, reliable and clean electricity for back-up systems. This chapter
presents the initial findings that form the baseline for further research being
conducted on community supplies for urban areas in developing countries with weak
power grids.
The urban populations of towns and cities in developing countries are expanding very
rapidly [34]. Reliable access to electricity is generally limited due to the amount of
installed power capacity. Due to this limit, people often resort to investing in backup power systems such as gasoline/diesel generators, battery storage, etc. [44]. It is
proposed in this chapter that such privately funded back-up generators or storage of
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electricity could be integrated into a community supply, given that the investment
by such consumers is very high. This chapter investigates the current costs of backup systems in Nigeria, and how much residents actually spend. It will be shown that
this is very significant and that given appropriate bank loan schemes, communities
may opt for a more reliable community supply. It is possible that the latest generation
and storage technologies can be afforded by local communities that are already
paying or are prepared to pay a higher cost to ensure the stability of electricity
supply.
This chapter is organized in the following manner. Section 2.2 gives a description of
the Nigerian energy context. Section 2.3 gives details of the survey carried out, as
well as a presentation of the primary data. Section 2.4 contains derivations used for
analysis of the primary data. Section 2.5 contains results and descriptions. Section
2.6 is a proposal for a financed community supply. Section 2.7 is the conclusion.

2.2 Nigerian Energy Context.
Currently, more than 30% of the total electricity consumed (both utility and back-up
systems) in Nigeria is produced by privately owned back-up generators which run on
gasoline and are regarded as very inefficient [19]. The need for the provision of a
reliable, efficient and secure electric power supply in Nigeria has led to the
privatization of the state-owned utility company (Power Holding Company of
Nigeria), setting up of the electrical power sector reform act [45], and the building of
the National Integrated Power Project [46]. However, only 55.6% of the total
population of Nigeria has access to electricity with an electricity consumption of 156
kWh per capita [17], [18], which is lower than in fellow sub-Saharan African countries
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like South Africa, Zimbabwe, Senegal, Cameroon, Gabon, Ghana, and countries of
similar high populations like Pakistan, Brazil, India, and China [18], [47]. According to
the 2015 US Energy Information Administration Country Analysis Brief, Nigeria has
one of the lowest rates of net electricity generation per capita in the world [19].
Nigeria has a current peak generation power capacity of about 4,600 MW [48], and
a power demand of 31,240 MW, which is estimated to hit 250,000 MW by the year
2030 [49]. The aforementioned statistic on the state of the electrical power sector in
Nigeria shows there is a current deficit in the provision of base load power services
to meet the current base load demand, as well as the future challenges in providing
electrical energy to meet its growing number of energy consumers, considering the
investment requirement.
These challenges have made the Nigerian electricity grid susceptible to load
shedding, brown outs, and blackouts, [50]. As a result, domestic and industrial energy
consumers are using privately owned back-up systems such as generators and
inverters, which are operated in an islanded mode to meet their daily electricity need
[51], [19].
Past work on the Nigerian electricity crisis has mainly addressed this problem using a
top-bottom approach which involves identifying the problem and proposing a
solution from the generation side of the grid. This chapter looks at the issue from the
domestic consumer’s side and identifies the problem and cost of current back-up
solutions. The costings show that private investment in back-up systems is very high
and that it is feasible in such high spending environments to consider community
approaches.
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2.3 Survey and Primary Data
The survey was carried out in an area that has a majority of middle-class residential
energy consumers. It is part of the urban area of Port-Harcourt, Nigeria. In the course
of this survey, 72 households were interviewed on their back-up energy systems used
during electric power outages in the utility grid. The interviews were conducted over
the months of December 2014 – January 2015. The households that were sampled
are domiciled in the GRA (Government residential area) of RukpokWu (PortHarcourt, Rivers State) belonging to one area in which there are about 200
households. This would be representative of the middle and upper-class areas of the
big cities of Nigeria.
The questionnaire covered a range of questions to explore the types of back-up and
usage. As the technical content would have been beyond the audience, this was done
by interview. This is detailed as follows:
Households with a generator back-up system were interviewed for the following
information:


A number of generators installed.



Generator model (product), rated power capacity, and age.



Hourly usage of generator per day.



Type and litres of fuel used.



Number of maintenance service instants per month, cost per service.



Essential loads (Fridge, TV, etc.).

Households with battery back-up were interviewed on the following:


The hourly usage of their battery per day.
19



A number of maintenance service made per month, and cost per service.



Type of battery back-up used, and battery rating.



Battery replacement method.

Data collated from the survey showed that over 97% (70) of the energy consumers
surveyed in Port-Harcourt has energy back-up systems. All of the 97% use internal
combustion engine synchronous generators as their energy back-up system, while
approximately 27% of these (19 households) use more than one synchronous
generator. All the generators use gasoline fuel. Approximately 6% have a battery and
inverter as part of their energy mix. This is unlike other places like India where many
houses use battery back-up systems. As a result of this low usage of battery back-up
systems, in this chapter, the analysis is on the internal combustion engine
synchronous generator back-up system.

2.3.1 Description of Generators
A total number of 92 gasoline generators are used by the 70 households. Since about
27% use more than one generator for energy back-up, either the sum or weighted
average of the generators was used for these households in order to best assist in
the presentation of data and for analytic purposes. This is detailed in the appendix B
section. The data that were modified are the number of hours a generator is
dispatched/used per day by the household, the generator’s daily gasoline
consumption, the generator’s rated power, the age of the generator, and the
generator’s service’s and cost per services. The houses are labelled 1 to 70 and are
used throughout this chapter.
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2.3.2 Daily Usage of Generator & Fuel Consumption
The number of hours per day that the generators are active for each household is
presented in Figure 2-1. The majority of energy consumers use generator back-up
systems for the provision of base load power for a duration of 4 to 6 hours per day.
This gives an indication of the deficit in the provision of base load power to energy
consumers from the electric power utility company.

Figure 2-1: Daily usage of the generator.
House number 21 with 18 hours per day of generator usage seems unlikely but as
this was what was mentioned by the household owner, it has been recorded here.
One difficulty in obtaining details of generator actual usage is that it is based on the
household owner’s perception of their usage. It is likely that the usage per day would
be related more closely to the actual power outage and hence all the generator users
should have similar usage. It is also possible that the time of the return of household
owners from their respective daily activities also affects the usage. The reason for
this is that the usage is normally in the evenings and weekends in such areas as often
people are working, engaged in business, and studying.
Figure 2-2, shows the amount of fuel consumed per day in litres/day for each
household. The average daily fuel consumption is approximately 6.1 litres per day
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with a standard deviation of 5.3 litres per day. In addition to the expected variations
in household behaviour, this could be attributed to differences in generators’ rated
power, dispatch durations and differences in efficiency between models. These could
be the likely reasons why house number 21, 46, and 51 generators have a larger fuel
consumption rate than the average.

Figure 2-2: Generator’s daily fuel consumption.

2.3.3 Generators’ Rated Power
Data collected on the rated power of the generators is shown graphically in Figure
2-3. Approximately 89% of all households (i.e. 62 of the 70 households) have
generators with rated power greater than or equal to 2 kW. The average is
approximately 3.3 kW. A back-up generator with a power rating of 3.3 kW seems too
large for purely domestic usage particularly in a tropical country like Nigeria where
electric heaters would not be considered an essential electrical appliance. Even in
much colder countries like the United Kingdom (UK), based on a project funded by
the UK Department of Energy and Climatic Change, the average load (which includes
additional electric heating) at every hour for all UK households for all days is within
the range of 0.25 to 0.9 kW [52]. It is likely that the generators were purchased based
on what the energy consumers perceived as the requirement for their loads during
outages, or that their load demands are actually high, or the perception of consumers
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having multiple generators in case of a fault, or that the availability of generators in
Nigeria is in this range.

Figure 2-3: Generator’s rated power.

2.3.4 Capital Cost (£/kW) and Generator’s Age
The capital cost of each generator was not obtained from the customer but was
obtained by the author from online sources rather than from the interviewees from
whom it was thought to be unreliable as it would have been affected by retailer
margins. The purpose of evaluating the capital cost was to estimate the initial cost of
investment (£/kW) per household associated with generator usage, and as well to
use the information together with each generator’s age to evaluate the depreciation
cost of the generator. Only the actual purchasing price of the generator was
considered as the fixed cost in this work. The land cost was not used in this work
because, in the context of the sample area, it does not require additional investment
cost for land because typically the houses have large ground space. Installation and
other labour costs in Nigeria are also low compared to the UK, and would add a
negligible initial fixed cost. Hence they were also neglected in this study. Therefore,
the capital cost of the generator per kW was evaluated by dividing the cost of the
generator by its rated power capacity, as follows:
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𝐶𝑐 =

𝐶𝑔
𝑃

(2.1)

𝐶𝑐 is the capital cost of the generator in £/kW, 𝐶𝑔 is the purchasing cost of the
generator in £, P is the rated power of the generator in kW. For households with
multiple generators, P is the sum of the rated power of individual generators, not the
average rated power.
Figure 2-4 shows the capital cost of investment (£/kW) by each household. It can be
seen that on average households have an initial fixed investment cost of
approximately £85 per kW.

Figure 2-4: Capital cost of the generator.
Figure 2-5, shows the age of the generators. Sixty-nine households (i.e. over 98%)
have generators between the minimum age of zero and six years. There is only one
generator that is over six years (16 years old). The fact that over 98% of generators
are below the age of 6 years can be interpreted in a number of ways. The initial
thought could be that uptake of generators started only 6 years ago and that earlier
only a few homes had the luxury of having back-up power. This could be because of
the entry of China into the Nigerian market and the rise of local businesses in the
area of energy. Another way of interpreting the data is that power outage really
became an issue 6 years ago. The third option could be that the useful lifetime of the
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generators is slightly above 6 years when used within the range of 4-6 hours per day.
The last assumption is used in the paper in further analysis though further work on
this is needed.

Figure 2-5: Age of generator.

2.3.5 Generator Services and Cost
Data collected on the generator maintenance services per month and cost per
services are represented graphically in Figure 2-6, and Figure 2-7, respectively. 98%
of the maintenance services that were monthly or less frequent were made by
households with a single gasoline generator back-up, while the majority of the
number of service per month that were greater than one, where made by households
with more than one generator. Examples of this are house numbers 23, 49, and 67,
which have 2.3, 2.5, and 4.5 services per month because each of them is using 3
generators for its back-up systems. Households with multiple generators making
more than one service per month is because all the multiple generators would be
serviced on a regular interval, and during the data collation for such household, the
summation of the number of services made per month on all its multiple generators
was used to represent the number of generator services made per month. This is
detailed in appendix B section.
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From Figure 2-7 on average households spend approximatively £7 per maintenance
service. The cost per maintenance service varies among households. This is clearly
indicated by the standard deviation which is approximately £5 per maintenance
service. The variance in cost per maintenance service is most likely due to the fact
that the type of personnel and maintenance service provided might not be the same
for all the households.

Figure 2-6: Number of maintenance services on generators.

Figure 2-7: Cost per generator service.

2.4 Derivations used for Analysis of Primary Data
2.4.1 Cost per kWh of Gasoline
In this section, we calculate the cost per kWh of the input gasoline fuel used by the
generator. In order to do this, the energy density of gasoline fuel which is 32.4 MJ/L
was used. The kWh rating of 1 litre of gasoline fuel is therefore 32.4 x 10 6 / (1000 x
60 x 60) = 9 kWh/litre. The cost of gasoline in Nigeria was ₦97/litre at the time of this
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research (12/01/2015). Therefore, the cost per kWh of the input gasoline fuel is
₦10.78/kWh. With an exchange rate of ₦275 to £1 (100 pence) at the time of this
research, the cost in British sterling pence per kWh of input gasoline fuel is 3.92
p/kWh.

2.4.2 Generator Efficiency
In order to calculate the cost of electricity produced during an outage, we need an
𝑔𝑒𝑛

idea of the generator’s efficiency of energy conversion, 𝜂𝑐𝑜𝑛𝑣 . This was calculated as
follows:

𝑔𝑒𝑛

𝜂𝑐𝑜𝑛𝑣 =

𝐸𝑜
𝐿𝑔𝑒𝑛 ⋅ 𝑇 𝑑𝑖𝑠
=
𝐸𝑖𝑛
9𝐷𝑓

(2.2)

Here 𝐸𝑜 is the energy output from the generator in kWh, and 𝐸𝑖𝑛 is the energy input
in kWh from the gasoline fuel used by the generator. 𝐿𝑔𝑒𝑛 is the electrical load on
the generator in kW, 𝑇 𝑑𝑖𝑠 is the duration in hours the generator is dispatched per
day, and 𝐷𝑓 is the amount of gasoline fuel in litres consumed by the generator during
daily dispatch, and the 9 is the fuel energy rated in kWh. Whilst 𝐷𝑓 and 𝑇 𝑑𝑖𝑠 are
known, obtaining the load 𝐿𝑔𝑒𝑛 is difficult due to the fluctuation in household load
during the dispatch duration of the generator. Estimating the actual power would
require power metering of a generator over its dispatch duration. In this research,
this was not possible.
Hence one typical house was used to determine efficiency. The house was powered
by a 0.65 kW generator which was dispatched with 4 litres of gasoline. It was
observed that it could power an average load of 0.39 kW for 7.5 hours. The load was
calculated on the basis of the appliance ratings. These values are substituted in (2.2)
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to obtain an efficiency of energy conversion of 8%. Though the efficiency of energy
conversion of the generators is related to their power rating, it is also dependent on
the actual power output from the generator i.e. the load. Highest efficiency usually
occurs at rated load. However, for this work, the efficiency of energy conversion of
the gasoline generators is assumed to be equal to 8%, which is most likely higher than
would be expected of small generators [53].

2.4.3 Daily Running and Depreciation Cost
The daily cost of gasoline used by the household’s generator per day
𝐶𝑓𝑢𝑒𝑙 (pence/day) was calculated by:
𝐶𝑓𝑢𝑒𝑙 = 𝐷𝑓 . 𝐶𝑓

(2.3)

Here 𝐶𝑓 is the cost of gasoline per litre (pence/litre). The daily fuel cost is given in
Figure 2-8. It shows that apart from a few unusual cases, the majority of households
are within £2.

Figure 2-8: Daily fuel cost.
The daily maintenance service cost of the generator per day 𝐶𝑠𝑒𝑟𝑣 (pence/day) was
calculated as:

𝐶𝑠𝑒𝑟𝑣 =

12. 𝑇𝑆 . 𝐶𝑆
365
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(2.4)

Here 𝑇𝑠 is the total number of service made per month (service/month). 𝐶𝑠 is the cost
per services (pence/service). Figure 2-9, shows the service cost per day for each
household.

Figure 2-9: Daily service cost.
Hence, the daily running cost of each household consists of their daily purchase cost
of gasoline fuel 𝐶𝑓𝑢𝑒𝑙 and the daily maintenance service cost 𝐶𝑠𝑒𝑟𝑣 and is given by:
𝐶𝑟𝑢𝑛 = 𝐶𝑓𝑢𝑒𝑙 + 𝐶𝑠𝑒𝑟𝑣

(2.5)

In order to work out the depreciation cost of the generators, the lifetime of the
generators is required. As this could not be ascertained from the manufacturer’s
generator manual, the assumption that the useful life of the generator is slightly
above 6 years if used for 6 hours per day is used. However, because we are not 100%
sure why over 98% of the generators are within the age range of zero to six years, a
margin was added, and hence the generator’s lifetime (𝑇ℎ ) was benchmarked at
15,000 hours.
𝑔𝑒𝑛

The daily depreciation cost 𝐶𝑑𝑒𝑝 in pence/day is obtained using the straight-line
depreciation method over the lifetime of the generator, assuming no inflation and
no salvage value, and is represented as:
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𝑔𝑒𝑛

𝐶𝑑𝑒𝑝 =

𝐶𝑔 𝑑𝑖𝑠
.𝑇
𝑇ℎ

(2.6)

𝑇ℎ is the lifetime of the generator (benchmarked at 15,000 hours). For households
with multiple generators, it is assumed that the lifetime is equal to the product of the
number of generators and the lifetime. This is represented in Figure 2-10, and forms
the basis for the calculation of the total daily cost.

PENCE/DAY

40.0
30.0
20.0
10.0
0.0
1

4

7 10 13 16 19 22 25 28 31 34 37 40 43 46 49 52 55 58 61 64 67 70
HOUSE NUMBER

Figure 2-10: Daily depreciation cost.
The total daily cost per day 𝐶𝑡𝑜𝑡𝑎𝑙 (this includes capital assuming no interest rates
and inflation) is calculated using (2.5), and (2.6), and is given as:
𝑔𝑒𝑛

𝐶𝑡𝑜𝑡𝑎𝑙 = 𝐶𝑟𝑢𝑛 + 𝐶𝑑𝑒𝑝

(2.7)

Figure 2-11, shows the total daily cost and the components of the daily cost. It is clear
that the daily fuel cost is the largest part.

Figure 2-11: Total daily cost showing proportion.
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2.4.4 Cost per kWh of Electricity Produced by Generator
In order to calculate the cost of producing 1 kWh of electricity, the average load on
the household’s generator is first estimated and then the cost per day is divided by
the load and time of usage. The estimated average load using (2.2), using an
efficiency of 8%, is shown in Figure 2-12.

Figure 2-12: Estimated average load.
The total cost per kWh is calculated as follows:
𝑔𝑒𝑛

𝐶/𝑘𝑊ℎ =

𝐶𝑑𝑒𝑝 + 𝐶𝑟𝑢𝑛

(2.8)

𝐿𝑔𝑒𝑛 . 𝑇 𝑑𝑖𝑠

Figure 2-13, shows the cost per kWh for each household. As expected they are similar
except for five of the houses.

Figure 2-13: Cost per kWh for each household.
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2.4.5 Utilisation Factor
One of the main issues that arise in back-up systems is that the generators are not
necessarily sized to the load. As mentioned before, generators work at their highest
efficiency when they are closest to the rated load. Furthermore, it could be
considered uneconomical to run a generator at less than the rated load. In other
words, the generator could be used to power other loads. In order to evaluate this
aspect of the performance of the generator, a utilisation factor 𝑈𝑓 is proposed. It is
defined based on the electrical load and the rated power of the generator, and is
calculated as follows:

𝑈𝑓 =

𝐿𝑔𝑒𝑛
𝑃

(2.9)

Here P is the rated power of the generator. For households with multiple generators,
P is the average or weighted average of the multiple generators’ rated power which
was evaluated based on despatch duration. 𝐿𝑔𝑒𝑛 was estimated from (2.2), assuming
an efficiency of 8%. Figure 2-14 shows the utilisation factor for each household. It is
clear that only a few households utilise their generators above 60%. None operate
close to rated.

Figure 2-14: Utilisation Factor.
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2.5 Results of Analysis
2.5.1 Cost Results
The daily cost of gasoline fuel, service, depreciation, and total costs were obtained
(earlier calculated in (2.3), (2.4), (2.6), and (2.7)), and the average value and the
standard deviation were calculated. These are detailed in Table 2-1.
Table 2-1: Daily costs of gasoline generator.
Daily costs
Fuel
Service
Depreciation
Total daily cost

Average
(UK pence)
216
26
8
250

Standard deviation (UK
pence)
188
22
7
206

The standard deviation of the daily cost is very high because of the effect of the few
households with many generators. However, as the consumption patterns are
different between households, the cost per kWh is shown in Table 2-2.
Table 2-2: Cost per kWh.
Cost
Cost per kWh

Average
(pence/kWh)
59

Standard deviation
(pence/kWh)
8

This benchmarking of the cost per kWh helps identify the range of the real cost of
producing electricity. A critical assumption is the efficiency of the generator of 8%.
Naturally, a more efficient generator will lead to a lower cost. The low standard
deviation also reflects the fact that the outages occur at the same time for all the
consumers, given that most of the cost is related to running cost rather than
depreciation cost.
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The average cost of producing a kWh of electricity is between 4 to 5 times the cost
of a kWh of utility electricity in the UK (15.7p), which is itself higher than the EU
median of 8.9p [54], and more than 10 times the cost from Port-Harcourt distribution
utility electricity cost in Nigeria (5.49 sterling) [55], and about 15 times the cost of
purchasing gasoline in Nigeria.

2.5.2 Generator Utilisation
The utilisation of the generators was estimated using (2.9). The result is shown in
Table 2-3. As earlier discussed in section 2.3.3 of this work regarding a household’s

generator rating, it is likely that all the households are using improperly sized
generators. Ideally, a generator should be dispatched for usage at a utilisation factor
close to unity so that it can operate at its maximum efficiency. At low utilisation
factors, the efficiency of a generator is much lower. An average factor of 0.4 can be
interpreted as 4 houses having sufficient back-up generation capacity to supply 10
houses.
Table 2-3: Generator and load.
Load
Utilisation factor

Average
0.8kW
0.4

Standard deviation
0.4
0.15

2.5.3 Analysis of Household Essential Electrical Appliances
During this survey, each household with a back-up generator was asked to select at
least one and at most four electrical appliances that they considered as essential
during a power outage. The selection comprised of the following eight electrical
appliances, these include; fridge-freezers, TV sets, fan/air condition, lighting, electric
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cooker, washing machine, water pumping machine, and water heater. From the
information provided by the customers, it is possible to work out what they assume
is their essential load during a power outage. In order to do this, we have assumed
standard power ratings for the appliances.
To show how this relates to the estimated load that was computed from their fuel
usage, a graph of the customer's estimate of their minimal load versus the actual
estimated load as per fuel consumption is given in Figure 2-15. The diagonal line
indicates where the customer’s view of his usage matched with the estimated load
of the customer. The values below the diagonal are the ones consuming more than
what they think of as the minimum load at outage and vice-versa.

Figure 2-15: Households with similar load patterns.
It is possible to segment the relationship between both variables, by grouping
households with similar characteristics as shown. The majority of the households in
both category A and E lie around or close to the linear curve. This shows that some
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of the surveyed households are actually dispatching their generators based on their
essential load demand. Households in category F are consuming less energy than
their minimum required energy showing that they are careful during power outages.
Households in category B, C, D, and G are actually consuming more energy than their
minimum required energy showing that with a bit of behaviour change they could
reduce their energy consumption. Category A has most of the sampled households
as would be expected given the high cost of fuel, while category D has the least.

2.5.4 Key Survey Outcomes
 It is possible that over 97% of both upper and middle-class residents in PortHarcourt have gasoline generators.
 Most use their generator between 4 to 6 hours daily.
 On average, households spend £2.50 per day.
 The capital investment cost is £85/kW (included in daily spend).
 It costs between 45-60p to produce a kWh of electricity assuming generator
lifetime of 15,000 hrs.
 The low conversion efficiency of 8% leads to high waste heat loss.
 The size of generators installed (3.3 kW) far exceeds the requirements estimated
(0.8 kW).
 There is no proper metering system to enable consumers to understand the cost
implications.
 Essential loads are fridge-freezer, TV Sets, fans and air conditioning.
 There is no clarity on the sizing of generators by the households, and on what is
powered during power cuts.
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 A household’s perception of cost is based on the capital cost and not the running
cost, as compared with supplied grid electricity.
 A very important element of the survey was that 100% of the gasoline generator
users complained of noise and smoke from these generators. The sound levels
were around 70 to 90 dB and were such that people close windows and cannot
use phones easily. This factor is a key driver for change as people are likely to pay
more to have the benefit of a noiseless back-up energy system.

2.6 Locally Financed Community Supply
In spite of the benefits of community supply, there is presently no clarity on an
investment plan for community supply in Nigeria [40]. A key objective of this survey
is to consider the possibility of introducing a community supply that would permit
operation of the grid during a power outage. Several aspects [41] of such
development need to be considered.


Such a scheme would require that the electrical connection with the national
grid is disconnected at the community level, i.e. an islanding mode be used.
This is required for safety reasons.



The other essential requirement would be that each generator is centrally
controlled. Different scenarios are possible:
i.

Using the small individual gasoline generators but connecting these
electrically. However, as it would not be easy to distinguish who is
producing the energy, some form of advanced metering would be
required, and community agreement. Basically, a smart grid for small
diesel generators, which is straightforward to implement.
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ii.

Using one large community gasoline generator. This would be a
significantly large purchase by the community. How this would be
managed by the community would need to be carefully studied as daily
running costs would have to be fairly shared out.

iii.

Using RER and battery storage. A large capital cost is incurred but the
running cost is significantly low as there is no fuel to purchase regularly.
This could be in the form of distributed renewable energy resource or as
a large central renewable energy system. The available yearly average of
daily sums of global horizontal solar irradiance in Nigeria which is
between the range of 4 kWh/𝑚2 /day to 6.5 kWh/𝑚2 /day (depending on
the location) could be one of the key drivers for this [56].



Financial aspects. For this sample of 70, the total yearly fuel cost, excluding
capital cost, service, and depreciation, is approximately £55,308. Over a
lifetime of 8 years, this is £442,465, which is roughly the capital cost of a half a
megawatt solar farm. In addition, the initial capital cost of the generators was
estimated at £19,443. This clearly demonstrates the purchasing power of this
community and their ability to privately fund their own community supply. For
lower-income communities, it is likely that special financing schemes would be
required.



Pollution aspects. Based on research in the USA, the generated Carbon
Monoxide CO emissions could be between 500 g/h and 4000 g/h for a 2.5 kW
generator [57]. Other harmful emissions are also present as a study in the city
of Lagos, and Abeokuta in Nigeria shows [58], [59]. However, if half a megawatt
solar farm were installed, the pollution levels would drop very significantly.
38



Noise pollution. This was a key dislike factor raised by the people interviewed.
The discomfort level is very high. This is firmly established by other studies
carried out in the cities of Port-Harcourt, Uyo and Calabar in Nigeria [60]. Given
the option of a noiseless renewable energy-based community supply to invest
in, consumers and the community would opt for a transformative change even
if costs were higher. This single factor in transformation capacity of the
proposed technologies can be easily missed. However, this is a key market
driver and can lead the change.

In order to meet its electricity demand, the Nigerian government has a target of
reaching 30GW of electricity production by the year 2030, of which renewables are
expected to contribute 30% [61]; private investment in the electric power sector is a
key strategy adopted by the government to achieve this. It is possible that the
encouragement of local people at the community level as stakeholder (owners) of
community supply could also be a way forward.

2.7 Conclusion
For the first time, the purchasing power that is available in the urban areas of some
developing countries in back-up energy systems is evidenced. The survey data and
results obtained shows that some communities are willing to invest significantly in
energy systems. This demonstrates the financial capacity (market potential) available
that can be utilised to lead to transformative change in the power sector by
introduction of community supplies financed privately by local communities
themselves. It is proposed that appropriate funding schemes be developed to
support such schemes. Key drivers for this transformative change are the high cost
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of back-up energy over the lifetime, the level of noise discomfort, the significant
pollution, and the ability of people to pay for energy. This transformative nature
could be applied to many high-density population centres where the purchasing
power of consumers is high, and where financing mechanisms exist either via banks
or cooperatives.
It is concluded that urban residential areas in Africa and other developing countries
could adopt smart community supply based on renewable energy in a transformative
way by combining it with innovative financing methods suited to the local
communities. The impact on the community would be very high, with low pollution,
almost no noise, and the benefits due to reliable electricity such as increased
productivity, comfort, etc.
This work forms a baseline for research work in community supply for urban local
communities in developing countries. The research work is now at the stage of
designing of a VPP/smart micro-grid with battery storage for the community.
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3 VIRTUAL POWER PLANT: A REVIEW
This chapter provides a state of the art literature review of the VPP concept and
definitions. It covers the types of VPP, VPP components, VPP control methods, ES
under VPP operation, VPP stakeholders, and VPP business model. Also, it looks at EV
market potentials and grid impact, DP, VPP under DSM, VPP potentials in the UK
market, scheduling of DER under VPP operation, and barriers to the deployment of
VPP. Conclusions were also made. These are presented as follows.

3.1 VPP Concept
The ongoing global restructuring of the electric power utilities, coupled with the
regulatory policies on energy usage with regards to climate change, and the evolution
of the grid towards a smarter grid are some of the key drivers that would foster the
adoption of DER into the electricity grid [62]. DER are small units of electricityproducing resources or storage or controllable loads, which are connected to the
distribution side of the grid [1, 63-67]. DERs have a power capacity that is less than
10,000 kW [1, 64]. Examples of DER together with ownership are discussed in section
3.5.4.
Barriers to the use of DER include the uncertainty and the intermittency associated
with energy from renewable sources, etc. In addition, the small power capacity of
DER further limits their participation in a free market environment particularly at the
wholesale level that requires large capacity. The inability of DER to negotiate at the
power market was an issue both to the DER owners and to the SO, as there was no
mechanism for both parties to trade energy [68]. From the DER owners’ perspectives,
the inability to participate in a free market reduces the value of their DER assets and
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further discourage the use of DER [68]. From the SO’s perspective, the DER was not
assessable for supporting the grid as the DER was installed in a fit and forget way
[68]. The grid penetration of a large number of DER was also an issue. This is in terms
of coordination of a large number of DER units with respect to the grid’s
requirements for technical service while considering the grid’s operational
constraints and the DER’s business case [69].
These challenges have led to the development of the VPP concept, which is an
outgrowth of the smart grid [20, 21]. The VPP aggregates a large number of different
units of DER at the distribution level of the grid and provides the platform for the
efficient management of these DER units. These aggregated units will have an overall
capacity which could enable the VPP to function as a large power plant as well as a
large controllable load which would ensure its effective participation in the power
market [1, 70, 71], while providing assessable means to the SO for supporting the
grid. The concept of VPP was initially proposed by Awerbuch et al. who refer to the
VPP as a virtual utility [72-76].

3.2 VPP Definition
Like the smart grid, there are various definitions of the VPP [77]. Pudjianto et al.
define the VPP as an aggregation of different types of DERs which may be dispersed
in different points of the medium voltage DN [77-79]. Morais et al. define the VPP as
a multi-technology and multi-site heterogeneous entity that aggregates different
units of DER [79]. Salmani et al. define the VPP as a facility to enhance DER to take
part in different levels of system management and provides the possibility of large
numbers of different units of DER to be integrated as one unit [69]. Ruiz et al. define
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the VPP as aggregating the capacity of many DERs in order to make them more
accessible and manageable across the energy markets [80]. Peik-Herfeh et al. define
the VPP as a decentralized EMS tasked to aggregate the capacity of DG, ES, and
dispatchable loads, etc. for the purpose of energy trading or providing support to the
grid [73]. Kieny et al. define the VPP as a flexible representation of the portfolio of
DERs that can be used to make contracts in the wholesale markets and to offer
services to the SO [81].
Based on these definitions a more exhaustive definition of the VPP is proposed. The
VPP is defined as an aggregation of large units of DER at the distribution level of the
grid combined with an information, communication and efficient EMS that makes it
capable of flexible operation by either functioning as a large power plant or a
controllable load; enabling it to participate in the power markets for the purpose of
providing technical support to the grid and maximising the revenue of its
stakeholders.

3.3 Types of VPP
In terms of specialization, VPP can be classified into two categories. These include
commercial VPP (CVPP), and technical VPP (TVPP) [67, 82-84]. DERs can be part of a
CVPP and a TVPP [77].

3.3.1 Commercial VPP
The CVPP is a trading entity that deals with the market. It is a category of the VPP
that deals with the coordination of the respective aggregated DER to maximise its
business opportunities in the power market. This is done through trading and optimal
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scheduling of DER output based on predicted demand and terms of the contract
established with consumers, DER owners, SO, balance response parties, etc. [67]. The
CVPP does not consider the operational constraints of the DN which is required for a
stable operation of an active DN [73, 82-84]. The CVPP prepares its optimal schedules
of the DER with respect to the market and submits its schedule to the TVPP for
validation [73]. Further details on this are provided in section 3.3.2.

3.3.2 Technical VPP
The TVPP is a category of the VPP that deals with the coordination of the DER with
respect to the technical aspect of the grid in order to ensure the power system
operates in a reliable, secure, and optimised ways [67, 73, 85, 86]. To achieve these,
the TVPP ensures the DER is coordinated within the confines of the network
constraints as specified by the DSO [68, 85]. TVPP supports in the local management
of the DN through active and reactive power management. It provides balancing and
other ancillary service to the electricity grid based on SO requirements as well as
asset management of the VPP infrastructure [67, 73, 77, 81-84]. In terms of location
of operation, the published literature has described the TVPP as having a localised
operation because it deals with local DER and has a point of connection [73, 77, 8284]. This is unlike the CVPP, which is not necessarily localised.
The activities of the CVPP and TVPP complement each other. For instance, for a CVPP
to deal with the trading of energy in the market, it must ensure it works within the
confines of the grid constraints as specified by the DSO. Therefore, TVPP ensures that
the CVPP trades energy within the confines of the grid constraints by specifying the
amount of energy to be traded without violating the constraints. This is to prevent
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the CVPP from getting a penalty fee from the DSO because of constraints violation
[73, 77, 81-84].
This research will mainly focus on CVPP.

3.3.3 VPP Operation
At the transmission level of the grid, the ISO monitors the grid in RT and ensures that
there is a balance between energy demand and supply. The balance between
demand and supply maintains the grid at its nominal frequency and voltage and
enhances the stability as well as reliability of the grid. To achieve this, services such
as generation, peak shaving, and valley filling, regulation, spinning, and other
ancillary services are usually provided for the grid by the VPP based on the market
agreement reached between the ISO and the VPP [78, 82]. The VPP also enters a
market agreement with DER owners to use their DER to support the grid. The VPP,
therefore, acts as an intermediary between the DER owners and the grid in the
market. More details about the terms of market negotiation are provided in section
3.8. To show the VPP operation with clarity, Figure 3-1 is presented.
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Figure 3-1: Virtual Power Plant.
Figure 3-1 shows how a smart home owned by a prosumer, community supply like
micro-grid, and ISO can be part of a VPP operation. The VPP has to provide the control
mechanism that would ensure the optimal dispatch of the DER in order to meet the
interest of the ISO, VPP and DER owners [74]. The VPP does this using measurement
data from SM regarding the status of the DER, and market prices. [68].

3.4 VPP Control Methods
There are different methods the VPP can use to control its portfolios of DER. In the
existing literature, three methods are presented. These include the centralized or
direct control method, the distributed control method, and the hierarchical control
method [68, 69, 82-84, 87-89].
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3.4.1 Centralized Control Method
In the centralized control method, control of the aggregated DERs is realized at one
point of the VPP during normal operation [68]. The DER is centrally controlled by the
VPP control centre [68, 82-84] in order to provide both technical and commercial
functions to maximise the benefits of using DER [82-84]. Figure 3-2, is an example of
a VPP using a centralized control method for several DERs.

Figure 3-2: VPP centralized control.
The VPP has direct communication and control with each DER, which enables fast
response and quick flow of information between the VPP and the DER [68]. This
makes the centralized control method easy to implement [68]. Also, the centralized
control method offers the ease of using uniform pricing for all its DER. However, the
limitation of the centralized control method is the computation burden involved in
dealing with large numbers of DER units. Also, the transfer of information from large
number units of DER to a common point may cause communication bottlenecks as
well as a loss of control when there is a failure in the VPP control centre [20, 68].
However, according to Raab et al. the use of a back-up unit for the VPP control centre
can help to solve the problem of lack of control [68].
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3.4.2 Distributed Control Method
In distributed control, an agent-based control involves multiple interacting and
intelligent agents acting together in a multi-agent system (MAS) [90]. Figure 3-3, is
an example of a MAS control method in VPP.

Figure 3-3: VPP multi-agent system control (MAS).
In Figure 3-3, there are a number Q of locally interacting agents. Each agent has a
number of DERs locally aggregated into it. Each agent within the MAS has some
degree of control autonomy with respect to its own DER units in order to first meet
its own local objectives and then work together to meet the global objectives of the
MAS [68, 90, 91]. The concept of using MAS in a large power network has been
proposed in this literature [20, 68, 92, 93]. Filipe et al. proposed a MAS for a smart
grid that minimises the energy losses at the DN under a dynamic load variation [94].
Dimeas et al. studied the advantage of using MAS for VPP [95]. According to Glavic
et al. MAS offers the benefits of robustness and scalability [91]. Unger et al. proposed
the use of MAS for aggregated units of hydropower plant under VPP operation [90].
Raab et al. proposed the concept of MAS to reduce the amount of information
exchanged as well as the computation burden associated with using centralized
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control method for a large amount of DER units under VPP aggregation [68].
According to the authors, an intermediate level of aggregation handled by an agent
entity is needed for VPP with a large amount of DER. This agent entity is referred to
as a local VPP aggregator that helps in the control of DER within a small geographic
area [68]. The use of MAS as a decentralized form of control also has its limitations.
According to Glavic et al. for an MAS to meet its global objectives, some level of
cooperation is required among its individual agents. The authors identified the lack
of clarity about what the level of cooperation should be in order to ensure that both
local and global objectives of the MAS are met [91]. Another limitation to the use of
MAS is the complexity involved in achieving the global objectives of the system
because of the limited knowledge of the individual agent entity about the entire
system. This is because individual agents are mainly limited to the local aspect of the
system, thus having global knowledge of the system is complicated [91]. In addition,
the transmission of data using the agent entity may result in a slower response of the
MAS [68].

3.4.3 Hierarchical Control Method
Hierarchical control involves the use of a multi-level form of control with each level
of control having an order of hierarchy. In such a system, the command task, and the
goals to be achieved are initiated at the highest level of the hierarchy and are passed
down to the lower levels of the hierarchy for execution to meet objectives of the
system. The lower levels of control have no autonomy. In the case of the VPP, the
aggregation takes place at different levels of the control hierarchy [68]. Figure 3-4 is
an example of a hierarchical control method in VPP.
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Figure 3-4: VPP hierarchical control.
In Figure 3-4 there is a number Q of local VPP control centres. Each local VPP control
centre has a number of DERs locally aggregated into one, and each local VPP control
centre is further aggregated into a VPP control centre where it receives control
instructions. The VPP control centre is at the top of the control hierarchy. The authors
in [68, 72, 96-98], have proposed the use of hierarchical control strategy for
aggregated units of DER under VPP operation. Raab et al. proposed the use of
hierarchical control method for VPP because it offers the benefit of implementing
uniform pricing as well as straightforward operational control requests and
commands [68]. According to Ortojohann et al. the hierarchy empowers DERs to
actively participate in grid control [96]. Zhang et al. proposed a two-level hierarchical
control method for VPP, that is able to provide regulation service and economic
dispatch [98]. Vandoorn et al. proposed the use of a three-level hierarchical control
for multiple smart micro-grids aggregations under VPP operation. According to the
authors, the primary and secondary control operate at the micro-grid level while the
tertiary control operates at the VPP level [99]. Limitation to the use of hierarchical
control includes a slow response time because of the bureaucracy of the system in
terms of its control mechanism [68].
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In summary, each of these control methods has its strength and weakness. None of
these control methods can be said to be fully sufficient [100]. Adoption of any control
method would mean a trade-off of certain characteristics.

3.5 VPP Components
Based on the existing literature and for the purpose of clarity, the VPP components
can be divided into information systems, communication systems, EMS, and the DER
units [67, 68, 77, 101, 102].

3.5.1 Information Technology
The information technology required for smart grid consists of the information and
measurement unit as well as the information management unit. Examples of these
units are the smart meter, sensor, phasor measurement unit, big data
analytics/metre data management, and data security [1, 20, 103]. These technologies
help to provide information about the status of DER units as well as the grid, etc., to
the VPP [67]. The SM provides RT information of consumers’ energy consumption,
behaviour and life style [14, 104, 105]. Phasor measurement units provide
synchronized phasor information related to three-phase voltages and currents of the
power system in RT [106-108]. This is critical to assist the VPP by ensuring its DER
schedule is within the constraints of the grid. Big data analytics gives VPP the ability
to interpret large data sets in order to draw reasonable conclusions that would assist
in its operation. Through data analytics, VPP would be able to forecast the load
profiles and weather conditions. Yogesh et al. developed cloud-based software for
data analytics in a smart grid [109]. The importance of data security as a feature of
the VPP has been studied by the authors in [110, 111]. According to the authors, due
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to the handling of privacy and personal information by a VPP, VPPs are prone to
hostile attacks and viruses. Security measures would be required to guarantee data
integrity and privacy.

3.5.2 Communication Technology
The communication technology required for a smart grid consists of wireless
communication and wired communication. The wireless communication used in a
smart grid can be applied as a home area network, neighbour area network, wide
area network [112]. The wireless communication used in a home area network
includes Zigbee, Bluetooth, Wi-Fi, 6LoWPAN, Z-Wave. The wireless communication
options for neighbourhood networks include Wi-Max and cellular networks.
According to Wainstein et al. the use of internet technology provide the platform for
VPP to effectively manage DER [112]. The wireless communication used in wide area
networks includes 2G, 2.5G, 3G, 5G and WiMAX, etc. [113]. The wired
communications include fibre optic, and power line communication [1]. These
technologies are applicable to VPP. The communication technology, together with
the SM, and data management system, constitutes the AMI, which would foster bidirectional communication between VPP and its stakeholders in order to enhance
the VPP with efficient management of the grid [1, 14, 16, 68, 101, 104, 105, 109].

3.5.3 Energy Management System
The EMS in a VPP is a system of computer-aided hardware and software that is used
in the VPP to monitor, control, and optimise the different DER units, in order to meet
the management objectives of the VPP [20, 67, 70]. The EMS objectives and some of
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the optimisation algorithms that are applicable to VPP are discussed in the following
subsections.
Energy Management System Objectives
According to [1, 67, 81, 90, 114, 115] the management objectives of the VPP EMS in
a smart grid include the following: load shaping, energy loss minimisation,
aggregators’ and consumers’ cost reduction, price stabilization, carbon emission
minimisation, and improvements to the voltage profile and power quality.
Load shaping involves matching the grid’s load demand to its available supply in order
to minimise the PAR ratio of the grid within a time horizon [116]. It involves peak
load-shaving and valley-filling services. It is a requirement for DSM, which will be
further discussed in section 3.11. Peak load-shaving involves reducing the consumer's
load when the supply is less than the demand, while valley-filling involves increasing
the consumer's load when the supply is more than the demand.
The utilisation of DER can have a negative impact on the grid in terms of energy
losses. This is due to the reverse power flow and the intermittent nature of the RER
[94, 115, 117]. Energy loss results in depletion of available capacity for consumption
and high cost of generation and transmission. In a smart grid, minimisation of energy
loss helps to improve the efficiency of the grid as it offers better utilisation and
performance of the grid, thereby resulting in lower operation and network costs [94,
115, 117].
Utilities’ and consumers’ cost reduction is one of the management objectives of the
smart grid [1]. The VPP as a “utility” operator seeks to reduce its cost while
maximising its profit [67]. Consumers also seek to reduce their energy purchasing
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cost from utilities or seek to maximise profit from their DER. This can be in the form
of a reduced electricity bill.
Stabilization of DP has been identified as an essential requirement for a smart grid,
particularly for DR [118-120]. Mardavij et al. envisaged that the relaying of RT DP to
consumers by utilities could create a closed loop feedback system which lacks
robustness and can lead to extreme price volatility [119, 120]. The authors developed
an algorithm for stabilizing RT prices.
Minimisation of carbon emission has a significant impact in terms of promoting the
sustainability of the environment. The importance of this as one of the EMS
objectives in a smart grid has been studied in [121-123].
The DN under a smart grid operation would involve the integration of DER. These
resources would result in the constrained operation of the DN. The integration of
DER would require the use of effective EMS in other to enhance the hosting capacity
of the DN and to prevent violation of the voltage limit of the DN that can result in
poor power quality [124, 125]. Baktash et al. proposed the concept of centralized
voltage control and the decentralized voltage control strategy in the DN to solve the
voltage violation problem associated with improving the hosting capacity that
enables the integration of DG in the DN [124]. Active and reactive power control can
help to prevent penalty charges as a result of the violation of the network constraints
[81]. The use of active and reactive power control by VPP EMS to ensure that the grid
voltage is within its limit was studied by Unger et al. [90].
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Energy Management System Optimisation Techniques
In order for the EMS to meet its management objectives, it requires optimisation
algorithms. The existing optimisation techniques used in smart grids includes the
following: classical or non-heuristic technique, non-classical or heuristic technique,
and the perspective technique [64]. The classical optimisation techniques include
dynamic programming, linear programming, non-linear programming, mixed integer
linear programming, mixed integer non-linear programming, optimal power flowbased approaches, continuous power flow, analytical approaches, and ordinal
optimisation [64].
The non-classical or heuristic optimisation techniques include the evolutionary
algorithm, bat algorithm, ant colony system algorithm, artificial bee colony, cuckoo
search algorithm, intelligent water drop algorithm, simulated annealing, particle
swarm optimisation, tabu search, and fuzzy set theory [64].
The perspective optimisation techniques include the big bang-big algorithm, fire fly
algorithm, and shuffled frog leaping algorithm, etc. [64]. More details regarding the
applications of some of these algorithms are discussed in section 3.12.

3.5.4 Distributed Energy Resources Units
Examples of DER units include PV panels, combined heat and power plants, diesel
generators, wind mill, ES, small natural gas-fuelled generators, EV, and controllable
loads such as HVAC (Heating Ventilation and Air-conditioning) systems, freezers,
fridge, washing machine, and electric water heaters. The consideration for
controllable loads as part of DER is because of their ability to enhance energy
efficiency and DR by being shiftable [86, 101, 126].
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In terms of ownership, DER can be owned by consumers. This can be in the form of
domestic DG. DER can also be utility-owned for supporting the grid. Commercial
companies like independent power producers can also have DERs for profit making
purposes [67, 127].
In section 3.6, a detailed literature review of ES as a DER is provided. ES is a main
focus of this thesis.

3.6 Energy Storage under VPP Paradigm
Electrical ES technology deals with the conversion of electrical energy from a power
network or from RER into a form that can be stored and later converted back to
electrical energy when needed [128]. Various types of electrical ES technologies exist,
and are stated as follows: battery, flywheel, super capacitors, super magnetic ES,
compressed air ES, and pump hydro storage [5, 12, 128-133].
Research on ES integration into the electricity grid has identified it as providing the
following applications and benefits [128, 130, 133-137]:


Improvement of power quality.



Provision of peak shaving and valley-filling services.



Deferral of investment on grid enhancement.



DSM.



Spinning reserve.



Black start services.



Enabling the integration of intermittent RER.



Provision of load following services.
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Details on the selection criteria for ES, existing projects on ES deployments, together
with policy initiatives on ES deployments are provided in the following subsections.

3.6.1 Energy Storage Selection
Selecting a suitable electrical ES for VPP in order to provide grid services would
require a detailed understanding of the different types of ES technologies. A review
of the different ES technologies was done, as the choice of ES forms a key part of this
research. ES technologies were assessed based on criteria such as mode of operation,
efficiency, energy density, space requirements, life cycle, capacity, cost, technical
maturity, response duration and geographical location bias [130, 132]. The use of
these criteria in analysing the various ES technologies is because there is no single
storage technology that fits all applications. Each application needs to be studied,
and appropriate storage technology has to be selected based on the application
needs of the VPP [138].
The technical maturity of a particular ES technology is determined based on its level
of penetration, peer review, age, and the quantity of research done on it [132, 135].
The International Energy Agency classified the technical maturity of ES technologies
into five stages, which are listed in the following steps; research, development,
demonstration, deployment, and mature/commercialization stage [137].
ES, based on their storage time and discharge duration is classified into the following
term of response duration; short term, long term, and real long term energy response
[131, 134, 137, 139]. Short term energy response devices consist of storage
technologies with a high energy density that has the ability to provide service within
the duration of a few seconds to a minute. They are mainly suitable for power quality
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improvement, and voltage stability [131, 134]. A long term energy response device
has longer energy service duration. It has the ability to provide energy service within
the duration of minutes to hours, and is suitable for energy management, regulation
service, and prevention of grid congestion [131, 134]. Real long term energy response
devices are devices that have the ability to match supply and demand and are able
to provide grid support services for 24 hours and above [131, 134]. In terms of
geographical location, some storage has been identified to be mainly suitable for a
certain geographical location. Storage technologies like compressed air ES and pump
hydro storage have been identified to have geographical constraints [12, 130, 133135, 140, 141]. For clarity purpose, the comparison of the different ES technologies
is presented in Table 3-1. These are obtained from the sources [5, 128, 130-138, 140,
142, 143].
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Table 3-1: Comparison of ES technologies.
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One conclusion that can be drawn from Table 3.1 is that no single energy storage
technology meets all suitable storage requirements. Therefore, the deployments of
a particular storage technology would require a trade-off of certain suitable storage
characteristics like high efficiency, high energy density, high life cycle, high energy
capacity, low cost, and high technical maturity.

3.6.2 Projects on Energy Storage Deployment
ES has already been deployed at the electricity grid, thus demonstrating the viability
of it integration into the electricity grid. Figure 3-5 shows the power capacity of the
various ES technologies that are already connected to the electricity grid globally.

Figure 3-5: Deployed capacity (MW) of various energy storage technologies [137].
From Figure 3-5, pumped hydro ES is the largest deployed ES facility representing
over 99% of the total capacity of ES connected to the grid globally [136, 137]. The
second largest installed grid-connected ES technology is compressed air ES which has
a total capacity of 440 MW connected to the grid, while the least connected is the
redox-flow battery.
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Table 3-2: Some major projects on grid ES.
Storage Technology
Pumped Hydro ES

Compressed Air ES

Flywheel ES

Sodium Sulphur Battery

Lead-Acid Battery

Nickel-Cadmium Battery

Lithium-Ion Battery

Redox-Flow Battery

Existing Project
 Guangzhou pumped-hydro ES with a total installed
capacity of 2,400 MW [144].
 Tennessee Valley Authority Raccoon Mountain
pumped ES facility with an installed capacity of
around 1,600 MW [133].
 The pump hydro ES facility at Cabin Creek, and
Mountain Elbert, Colorado, USA [132].
 The 110 MW compressed air ES plant located in
McIntosh, Alabama, and the United State [12, 133].
 The 290MW compressed air ES plant located in
Huhndorf Germany [12, 133, 141].
 Electric Power Research Institute has recently
collaborated with Pacific Gas and Electric for the
design and demonstration of a 300MW/10-hour
compressed air ES plant [133].
 Japan host one of the world largest flywheel
projects; which have a capacity of 23 MW [135].
 LLC is demonstrating a 20 MW flywheel ES project,
to support grid frequency [133].
 Northern Japan, Rokkasho, Futamata, currently
host one of the world largest sodium sulphur
battery storage projects with a total capacity of 34
MW 245MWh [12, 133].
 The 8 MW ADWEA (Abu Dhabi water and electricity
Authority) sodium sulphur battery ES located in
Abu Dhabi [145].
 The IMW Younicos sodium battery ES facilities
located in Berlin [145].
 The largest installed lead-acid battery ES project is a
10 MW/40 MWh battery storage located in Chino,
California, United State [11, 132].
 Tappi Wind Park projects, which uses large scale
lead-acid battery to mitigate the intermittency of
wind energy [133].
 The 27 MW nickel-cadmium battery ES facility,
located in Golden Valley, Fairbank, Alaska. This
facility is the world’s largest deployed nickelcadmium battery and can provide 40 MW for 7
minutes [133].
 The AES Laurel Mountain facility that comprises of
a 32 MW lithium-ion battery ES that stores up to 8
MWh and acts as a short term reserve capacity to
Pennsylvania-New Jersey-Maryland (PJM)
interconnection [133].
 The 500 MWh vanadium redox battery facility at
KWansei Gakuin University, Japan [128].

61

Also, Europe is expected to add a total capacity of 15,000 MW pumped hydro ES by
the year 2020 into its existing storage facilities as part of its effort to integrate more
renewable energy into its energy mix [133]. The various existing projects on ES
deployment have demonstrated the viability of the concept of ES integration into the
electricity grid.

3.6.3 Policy Initiatives on Energy Storage
ES is also becoming part of various national governments’ energy initiatives, due to
its numerous benefits. The UK government has made ES a key strategy in its aim to
move towards decarbonizing its energy supply by 80% in the year 2050 [146]. The
national governments of India, Germany, Japan, and the United States of America
are already developing and implementing various strategies to encourage the
deployment of ES in their respective electricity grids [12, 133, 147, 148]. The purpose
of the Indian government initiative on ES is to allow the integration of renewable
energy into India’s energy mix, to mitigate the intermittency of this renewable
energy, promote rural micro-grids, as well as to improve grid reliability and efficiency
[147]. In Germany, the Federal Ministry for Environment, Nature and Nuclear Safety
has recently developed a financial incentive for ES usage in homes of energy
consumers so as to promote more usage of renewable energy [12], [148]. Japan
plans to regain its energy independence by using ES to harness more of its renewable
energy potential [12]. The US Department of energy under its “2030 Vison” also has
an ES option as one of its top priorities [12], [133]. These policy initiatives are
envisaged to facilitate the deployment of VPP.
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3.7 VPP Stakeholders
The VPP stakeholders are the various actors of the VPP who have an interest in the
VPP operation. This includes the prosumers, VPP aggregators, and ISO [101, 149152].

3.7.1 Prosumers
One feature that is envisaged in the future smart grid is a platform that is available
for consumers to produce and sell energy. With this feature, DER becomes an asset
to the consumers as it can be used for market participation. This would change the
consumers’ role to that of prosumers, who have the capacity to both produce and
consume energy [153]. With the VPP paradigm, prosumers would be able to offer
flexibility to the grid in the form of DSM. Several studies have demonstrated that the
key motivation for prosumers to offer flexibility is financial incentive or cost
minimisation [150, 153, 154].

3.7.2 VPP Aggregators
The VPP aggregator is an entity that owns, operates, and coordinates the VPP
activities. According to the OFGEM, the role of aggregators in the UK is that they are
involved in aggregating and coordinating flexibility from prosumers at the
distribution level of the grid using market prices in order to meet the ISO
requirements for DSM [150-152]. Typically, VPP aggregators would seek to maximise
their profit and minimise their energy purchasing cost.
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3.7.3 Independent System Operator
ISO procures flexibility from the prosumers through VPP aggregators in order to
provide capacity and balancing services etc. for the grid [150-152, 155]. This would
ensure the grid’s energy demand equals its supply. In the UK, the National Grid (NG)
is the largest procurer of flexibility [151, 156].

3.8 VPP Business Model
VPPs using storage can arbitrate in the power market by exchanging energy between
the grid and the prosumers. Arbitrage is the ability of a VPP aggregator to act as an
intermediary, trading energy between the grid on the wholesale market and the
prosumers on the aggregation market using the prosumers’ storage [101, 157]. The
aggregation market is a market at the distribution side of the grid where the VPP
aggregator and the prosumers trade energy. Arbitrage ensures that a VPP can buy
energy from the wholesale market and sell it at the aggregation market, and also can
buy energy from the aggregation market and sell it at the wholesale market. This
functionality is enhanced by the differential pricing between wholesale and the
aggregation markets as well as the deregulation of the electricity market. Ideally,
during arbitrage, the cost at which the VPP buys energy is lower than the price at
which it sells energy. The existing models of trading both at the wholesale and
aggregation markets are discussed as follows.

3.8.1 Wholesale Market
On the wholesale power market, energy is traded in bulk between producers and
suppliers. The other parties involved in the market are the ISO, balance response
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parties, and the MO [150-152, 158]. The prices at which energy is traded are
influenced by the time period, weather condition, energy demand, cost of fuel,
regulatory policies and operational cost [159]. The producers trade to sell their
generation in the market, while the suppliers trade to buy energy to meet their
demand. A VPP has the functional ability of a dual role in terms of market negotiation,
by functioning both as a producer and as a supplier in the market. As a producer, a
VPP trades energy from its aggregated units of DER by negotiating to sell the energy
to the wholesale market. As a supplier, a VPP negotiates to buy energy from the
market to meet its flexible demand. On the wholesale market, negotiations between
producers and suppliers can be done in the form of bilateral trading, electricity pools,
and spot markets [158].
Bilateral trading involves both the energy suppliers and producers entering into a
forward contract through negotiation on the price and amount of power to be traded
at each time interval for a particular day period. This prevents both parties from the
risk of the price uncertainty associated with the spot market. Terms and conditions
of the contract are usually kept private without the involvement of a third-party like
the MO. Bilateral trading has been adopted in England and Wales since the year 2001,
this is with respect to the NETA of 2001 of England and Wales [160]. Currently, over
95% of electricity trading in the UK is done via the bilateral market [158]. VPP trading
under bilateral contract obligations has been studied in [74, 87-89].
The electricity pool is also known as the double auction market [159]. Each supplier
bid consists of the quantity of its power demand together with its marginal benefit
for each hour or half an hour over a day period. Each producer submits its offer which
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consists of the amount of power to be produced by its generating units respectively
together with the marginal cost of power production for each hour or half an hour
over a day period. Based on the bid and offer, the MO determines the market
equilibrium and the market clearing price through a demand and supply curve from
the suppliers and the producers [158]. Electricity pool trading can be done in DA,
intra-day, or close to RT, [158]. VPP trading under electricity pool market has been
studied by the authors in [74, 82-84, 161, 162]. Baringo et al. proposed a novel
offering strategy for a VPP with a wind power plant that participates in both DA and
RT of the electricity pool market based on a stochastic adaptive robust optimisation
approach [161]. The authors modelled the uncertainty associated with market prices
and wind power generation using confidence bounds and scenarios.
Imbalances are set to occur in RT trading at both the bilateral trading and electricity
pool market. This is because of the mismatch between actual quantities of electricity
consumed by the supplier and the actual quantity of electricity supplied by the
producers. This is because of the forecasting error. These imbalances are settled by
the ISO to ensure RT stability of the grid. The balancing mechanism can be purchase
by the ISO by buying additional energy during deficit or selling the excess energy via
a separate stock market at the wholesale level respectively. The ISO sets the buy or
sells price of the additional or excess energy produced or consumed for each
settlement period [163]. In the UK, the balance response parties are the entity that
is empowered by the ISO to deal with the financial settlement of these imbalances.
This is contained in the Balancing and settlement code under NETA of 2001 of
England and Wales [81, 160]. The advent of VPP would provide an effective balancing
mechanism for settling these imbalances. This can be done through trade
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agreements between the VPP and the balance response parties at the wholesale level
of the market.

3.8.2 Aggregation Market
Energy bought at the wholesale power market by suppliers is sold at the retail market
to the consumers at the distribution level of the grid. In the retail market of the
traditional grid, both trade and flow of energy are unidirectional. Which means that
in terms of trading, the suppliers can only sell energy in the retail market, while the
consumers can only buy energy from the market. Also, energy can only flow from the
suppliers to the consumers, and not the other way.
However, with the coming of VPP, both the trading and flow of energy between the
consumers and the energy utilities at the distribution level of the grid could be
bidirectional. Which means that in terms of trading, both the utilities and the
consumers can buy energy from each other respectively and can also sell energy to
each other. Under such a scenario a new form of the market called the aggregation
market would emerge at the distribution level of the grid. This is because the existing
business model of the retail market would no longer be able to handle the complexity
involved in the trade and energy flow.
Several studies have proposed an aggregation market [10, 101, 164-166]. In the
aggregation market, consumers with DER (prosumers) usually enter a contractual
agreement with the VPP who acts as their intermediary in order to help them trade
with their DER unit in the wholesale power market [167]. This is because prosumers
are not given direct access to negotiate at the wholesale market due to their limited
capacity in terms of their DER units. Prosumers participation in the wholesale market
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is done indirectly through the aggregation market. Further clarity on this is provided
in Figure 3-6.

Figure 3-6: VPP aggregator as an intermediary in the market.
In Figure 3-6 it can be seen that the entities that participate at the aggregation power
market are the prosumers and the VPP aggregator, while the wholesale power
market, already discussed in section 3.8.1, involves the following entities; utility
generators (also called producers), the suppliers, and the balance response parties.
At the aggregation market, both the VPP aggregator and the prosumers seek to get
a financial reward in the market. Ma et al. proposed the need for an appropriate
incentives programme, pricing, policy, and a well-defined market structure. The
recommendations are based on a SWOT (Strength, Weakness, Opportunities,
Threats) analysis of prosumers’ participation in the aggregation market using the
Nordic power market [101]. The authors also identified the immaturity of the
aggregation market and lack of clarity on business incentives as limitations to the
uptake of VPP.
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3.9 Vehicle to Grid Market Potential and Impact
The global issue on greenhouse gases from fossil fuel has led to the adoption of ‘zero
emission vehicles’. An example of a ‘zero emission vehicle’ is the EV, which includes
battery EV, fuel cell, and hybrid EV [155, 168, 169]. EVs are mobile DERs that make
use of ES technology [68].
Adopting EV as a means of providing sustainable transportation has been described
by several authors to be challenging. Heydt et al. highlighted some of these
challenges: increase in load at transmission, sub-transmission and distribution level
[170]. According to Lach et al. the preference of battery EV owners for fast charging
would result in a peak load in the electricity grid [10]. Wu et al. highlighted the effect
of the coincidence between the peak load of EV and non-EV on grid reliability, which
would result in the need for additional investment in grid infrastructure [171].
Kempton et al. pioneered the vehicle to grid concept (V2G) [168, 169]. This research
work described EV as a new power source, whose benefits can offset the limited
lifetime and cost issues associated with batteries. According to their description of
V2G operation, plugin EV use their batteries to store energy from the grid during the
off-peak period and then use the stored energy to provide grid support during a peak
period when the vehicles are idle. Kempton et al. [168, 169], also describe the
suitability of ‘electric vehicle’ for V2G operation as based on three facts, which are
summarized here. Firstly, the total shaft capacity of light vehicles’ engines in the
United State (US) is 13.6 TW and is over 15 times larger when compared to the US’s
utility generation capacity which was 0.75 TW. Secondly, most light vehicles in the
US are used for an average of 1 hour per day and are idle for the remaining 23 hours
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(96% of the time). Lastly, the capital cost ($/kW) of the light vehicles is over ten times
less than the utility generator. The novel contribution of Kempton’s work is that EV
is not just a load on the electricity grid, but it is a potential power source for electric
utilities [168, 169].
Investigation on the various types of V2G power services and their market potential
was carried out by Kempton and Tomic [169, 172]. These services include base load
power service, peak power service, and ancillary services. The assessment of V2G’s
market potential by Kempton and Tomic was done using the market price of the
California Independent System Operator (CAISO). The findings of Kempton and
Tomic, and the work of other authors are discussed in the following subsections.

3.9.1 Base Load Power Service
Base load power services require the provision of energy round the clock to meet the
grid’s minimum energy demand. Kempton and Tomic’s assessment of the market
potential of EV in the peak power market indicates that unlike utility generators, EVs
are not suitable to provide base load power service at a competitive price due to the
high cost of producing energy, limited storage capacity, and limited lifetime of the
battery [155, 169]. According to Kempton et al. EV in V2G operation would only be
suitable to provide base load power service when the financial rewards are
unreasonably high [169, 172].

3.9.2 Peak Power Service
Peak power service is provided during periods of high-power consumption by peak
generators. Pang et al. researching “EV as a Configurable Distributed ES in the Smart
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Grid”, argued that EVs when aggregated both as a controllable load and as a
generator, could provide DSM such as peak load-shaving [173].
Kempton et al. in an assessment of V2G’s potential in the peak power market of the
CAISO, observed that V2G peak power market potentials are likely to be competitive
but also limited [155]: the USA has a short duration of peak of 3-5hours per day, that
could be a possible option for V2G peak power service provision, but the provision of
peak service is limited by the vehicles’ on-board ES devices [155, 169].
Nyns et al. envisaged that EVs are more suitable for load levelling than the provision
of peak power service. According to the authors, the difficulty associated with EVs in
the provision of peak power service includes; long duration of energy dispatch
required from the battery, as well as the high cost of wear of the battery [174].
Das et al. attribute the high cost associated with V2G during provision of peak power
service to the capacity loss suffered by the battery during peak operation. The
authors further proposed a mathematical model which provides a financial
compensation that is equal to or greater than the financial equivalent of the battery
capacity lost during peak service [175].

3.9.3 Ancillary Service
Ancillary services consist of both regulation and spinning reserve service. Regulation
service is also known as automatic generation control [169]. It involves matching
both the grid’s energy supply and demand so as to maintain the grid’s frequency
within its nominal value [169, 172, 176, 177]. Spinning reserve is an extra grid
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capacity that is online, can be despatched within 10 minutes when there is grid
capacity loss [169, 172].
Electricity grid can be regulated in two ways, which are “regulation up”, and
“regulation down” [169]. A regulation up service involves increasing generation
capacity from baseline level to match high energy demand. It is provided when the
load on the grid exceeds the energy generated. “Regulation down” involves
decreasing the energy generated from a base line level to meet lower energy demand
on the grid [169, 172]. In certain markets, both regulation up, and regulation down
exist independently [169, 172]. In the PJM Regional Transmission Organization (an
ISO in the USA) ancillary service market in the USA, both regulation up and regulation
down are combined as a single regulation market service [178].
Reserve capacity for providing frequency regulation is classified into three levels,
primary, secondary, and tertiary reserve [174, 177]. Primary reserve is reserve
capacity having a short response time, dispatched immediately a fluctuation in grid
frequency occurs [174, 177]. Secondary reserve is reserve capacity that provides
frequency regulation based on a day ahead market agreement reached with the ISO.
Both primary and secondary reserve are referred to as contingency reserve [177]. The
tertiary reserve is mostly in offline mode and is used as a back-up to both primary
and secondary reserve [177].
An assessment of V2G potential in the regulation market was carried out by Kempton
and Tomic in the CAISO’s market [169], using a RAV4 EV, which has Nickel-Metal
hydride battery energy storage whose capacity is 27.4 kWh. According to the authors,
V2G is highly lucrative for regulation service. This is because an average of 400
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regulation service actions are needed by the CAISO per day. EVs can be paid for both
energy dispatch and capacity made available [155, 169, 172, 176]. Capacity payment
is the payment made to EV for making energy capacity available for ancillary service.
Energy payment is the payment made for the actual energy despatch during
regulation service.
According to Gage et al. the suitability of EV for regulation service is because the
energy capacity required for regulation service is low, and would have a small effect
on the state of charge of the battery, thereby improving both the cycle life and
durability of the battery [179].
V2G potential in spinning reserve market has also been identified to be promising by
Kempton et al. [169, 172], but its limitation in the number of calls for service could
be an issue: calls for spinning reserve in the US are typically 20 calls per year, for an
average duration of 1 hour per call.
In the following subsection, a review of the impact and the management strategies
that deal with EV integration into the power system is discussed. This is because EV
uses storage and storage forms a key part of this work.

3.9.4 Impact and Management Strategy that Deals with Large Scale
EV Deployment
Heydt et al. highlighted on-peak and near-peak recharging as a salient factor that
affects the DN when EVs are integrated into the grid [170].
According to Webster et al. four key factors determine the integration of EVs into the
grid: battery charger quality, EVs user’s profile, and the existing DN and plant
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characteristics [180]. According to the authors, the success of EV integration into the
DN would require addressing of critical challenges, which include capacity of the
existing DNs to cope with this new load, identification of new power plant that can
cope with the particular needs of the EV chargers, issues of new billing systems able
to cope with vehicle’s mobile electrical load, and issues with batteries and battery
charger ownership [180].
An assessment of the impact of V2G on the DN was done by Clement-Nyns et al.
[174]. Their work made use of a 230 V redial network IEEE 34 node test feeder to do
a comparative study between the effects of coordinated and uncoordinated
charging/discharging of EVs on a grid’s DN. In their work, uncoordinated
charging/discharging was considered as having no incentives, no control or smart
metering, while the coordinated charging/discharging was done with an objective
function that reflected the charging cost and considered the voltage constraint.
Results obtained from their work showed that uncoordinated charging causes
voltage deviations which result in low power quality, while coordinated charging
shows a much-improved voltage profile. The authors proposed a voltage control
framework to regulate the charging and discharging of EVs so as to improve grid
reliability [174].
Fernandez et al. did an assessment on the effect of large scale integration of EVs into
the DN at different percentage levels of EV penetration [181]. Their work involved
the application of a large scale DN planning model. This was done in three stages; the
first stage involved modelling an optimal base case scenario where no EV is
integrated in to the DN; the second stage involved modelling the successive
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percentage penetration of EVs, at 31%, 51%, and 62% EV penetration levels; the third
stage is the analysis of their result. They found a 60% EV penetration level could
increase energy losses by 40% during off-peak when most vehicles are in charging
mode, and grid reinforcement investment cost could increase by around 15% [181].
The novel contribution to their work is the identification of the energy losses and grid
reinforcement requirements that would be associated with different EV penetration
levels at the DN [181].
A comparative assessment was done by Lopes et al. between dumb charging, dual
tariff policy, and smart charging management strategies for dealing with large scale
EV integration in the DN [182], [183], [184], [185]. The contribution of their work is
that problems regarding grid reinforcement as a result of the high level of EV
penetration can be reduced to the barest minimum if the smart charging approach is
adopted as a management strategy for electric vehicles (EV) [183].
Iria et al. did a comparative assessment between the non-controlled and controlled
charging method for EVs connected to the DN [186]. The novel contribution of this
work is that the controlled charging method can ensure that EV charging
requirements are met, and grid technical constraints are not exceeded [186].

3.10 Dynamic Pricing
Dynamic pricing (DP) with respect to electricity trading is a pricing strategy in which
electric utilities set flexible prices for electricity based on the current energy demand
and cost. Typically, electricity bought at the wholesale power market by the supplier
is sold at the distribution level in a retail market to the consumers for meeting their
demand. In a conventional retail market, energy is purchased at a fixed/flat tariff by
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the consumer [158, 187]. The fixed tariff depicts the average cost of energy to the
supplier plus a premium that compensates the supplier for the risks associated with
buying energy at a variable price in the wholesale market [188, 189]. This tariff is in
most cases regulated by government. It provides the benefit of insulating consumers
from the price volatility and variability that characterize the wholesale market [188].
However, suppliers are exposed to the risk of price volatility and variability [187, 188,
190]. Thus, there is no synchronization between the wholesale and the retail market
in terms of price [191]. In addition, the fixed tariff is an inefficient pricing strategy
[187, 192]. This is because it does not encourage the consumers to modify their
energy consumption pattern [187, 190, 191], thereby resulting in grid instability and
unnecessary purchase of reserve capacity by the ISO for grid balancing [191]. These
limitations mean fixed pricing is no longer sensible in a restructured power market,
which is a more competitive market that involves prosumers’ participation and the
use of DER [187].
To overcome these challenges, the concept of DP has been introduced at the retail
level of the market. According to Edison et al. DP would help to synchronize both
electricity trading on the wholesale market and the retail market, as well as
improving the efficiency of the grid [191]. The roll-out of SM would support this. In
the UK, the government has set a target of having SM installed at every home by the
year 2020 to encourage the use of DP. This is part of the government’s strategy
towards improving energy efficiency. DP is a key requirement for DSM, as it provides
incentives for the efficient use of demand-side resources [189]. More details on DSM
will be discussed in section 3.11.
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3.10.1 Types of Dynamic Pricing
Existing literature has classified DP into two types: quantity differential pricing [116],
and time differential pricing. Quantity differential pricing uses a retail price of
electricity which increases when the consumers’ energy consumption is beyond a
certain threshold at a particular period [116, 193, 194]. Zhou et al. proposed a
stepped tariff as an improvement to quantity differential pricing in terms of
consumers incentive and capacity utilisation using the Stackelberg game approach
and probabilistic analysis [194]. According to the authors, in step tariff both the
threshold and price increase above the threshold should vary with the time of the
day [194]. In time differential pricing, the retail price of electricity is set to vary at
different times. The different times could be a simple day and night peak and offpeak period, or according to seasonal variation.
Time differential pricing exists in various forms, which includes TOU tariff, CPP, PTR,
DA pricing, and RT pricing [116, 195, 196]. TOU tariff uses different electricity prices
for different periods or time of the day or year [197-199]. The prices are usually high
at the peak and low at off-peak [190, 192]. Examples of TOU tariff in the UK are
economy 7, and economy 10. The TOU tariff offers an incentive for consumers to
shift some of their energy consumption from peak period to off-peak period, thereby
reducing the grid peak to average demand as well as consumers’ electricity costs
[200]. Yang et al. proposed a TOU pricing for the retail market based on classification
of customers load. According to the authors, TOU pricing exposes consumers to a
lower risk of price volatility and variability [187, 192]. This is because consumers are
less exposed to the variable nature of the RT prices that occurs in the market. The
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limitations of the TOU tariff was studied by the following authors [197-199, 201].
According to authors [197-199, 201], while the use of the TOU could help consumers
to shift most of their load from peak to off-peak period, however, such a technique
for a large number of consumers could result to a rebound peak demand [198, 199].
Both authors in [191, 201], concludes that TOU offers one of the least incentives to
consumers compared to other DP scheme.
CPP is like TOU in design but occurs few times over the year. The prices are usually
very high, and consumers are informed in advance (a few hours) of the price increase.
The purpose of CPP is to encourage consumers to use less load during a foreseen
emergency peak. Just like TOU, the use of CPP could create a peak rebound [198,
199]. As a result, Morutaro et al. proposed a deterministic electricity price structure
based on group pricing which uses multi-TOU and a multi-CPP to prevent peak
rebound [198, 199].
In PTR the utilities inform and give consumers choice to reduce their energy
consumption within a specified period. This is because of foreseen or observed
circumstances such as the high cost of meeting peak demand at the wholesale
market or an emergency on the electricity grid [189, 202-204]. Consumers who
reduce their load during such periods are given incentives based on the value of their
reduction with respect to the utilities [191]. Unlike CPP, the price of electricity during
the period of such critical events is usually the same. Consumers who fail to reduce
their load during such event are billed at the normal rate. Mohajeryami et al.
proposed the suitability of PTR for DR programs [189, 202, 203]. However, according
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to the authors, the inaccuracies in customers’ baseline load calculations could result
in inefficiencies when PTR is used [189, 203].
In RT pricing, energy prices are adjusted at different times of the day based on the
grid’s demand in RT. This is to curtail peak demand as well as peak rebound [194]. RT
pricing is one of the most efficient pricing scheme [187, 191]. According to
Mohajeryami et al. RT pricing showed a superior performance in a loss aversion
scenario. Park et al. proposed a bi-level pricing scheme based on RT pricing for load
scheduling which helps to reduce consumer’s peak to average demand [205]. Their
work made use of Rubinstein-Stahl bargaining game model [205]. Mohsenian et al.
developed an optimal framework using RT pricing which produces the desired tradeoff between both minimising the energy consumers purchasing cost and the waiting
time for scheduling of their appliance [195]. According to the authors, the use of RT
pricing would help to minimise the PAR of the grid’s demand [195]. The limitation of
RT pricing is that it exposes the consumers more to the volatility of the market,
therefore resulting in low acceptance [187, 191].
In DA pricing, prices are given to the consumer one day in advance. Joe-Wong et al.
developed a DA pricing for scheduling load by consumers based on an optimised
feedback loop between the energy utilities and the consumer, that allows the energy
provider to maximise their profit and flatten their load [206].
The conclusion drawn from these existing DP at the distribution level of the grid is
that they were designed based on a unidirectional flow of energy from the grid to
the consumers. There is no clarity on how these pricing designs can simultaneously
support the bidirectional flow of energy between the prosumers and grid in order to
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meet the marketing objectives of the VPP stakeholders. Under a VPP paradigm,
prosumers can offer flexibility through the VPP aggregator to ISO by changing their
operation from energy consumption to energy generation in the aggregation market.
This flexibility is offered in the form of arbitrage. Therefore, how these prices would
be able to support this kind of operation in the aggregation market is still not clear.

3.10.2 Dynamic Pricing and Energy Storage
The economic benefit of using ES coupled with DP was explored in [207-209].
According to the authors, DP with ES can help to reduce the PAR of the grid’s demand
as well as providing incentives for ES owners. Tao et al. demonstrate the feasibility
of using load differentiation DP for ES to achieve consumer cost minimisation and
utility required load shaping (grid balancing) based on a quota system [116]. Tushar
et al. developed an auction price using a non-cooperative Stackelberg game for
energy capacity trading between a shared facility controller (SFC) and residential
units (RU) which benefits both parties under joint storage ownership between SFC
and RU [210]. Nguyen et al. developed a DP scheme for domestic ES that allows the
energy provider to dynamically adjust its selling price of energy based on the
consumer load profile [211, 212]. The authors made use of non-cooperative game
theory and distributed control algorithms to model the interaction between each
consumer and the energy provider [211, 212]. Li et al. use a distributed algorithm to
develop a time-varying pricing model for consumers with EVs and battery storage
where each consumer could selfishly maximise their respective benefits and
simultaneously maximise the utility social welfare [213]. Wang et al. developed an
energy trading model for a distributed ES based on a game theoretic approach [208].
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In their work, the price at which energy is traded between ES and the smart grid is
determined via a double auction mechanism. Their work made use of a noncooperative game approach which allows competing energy consumers to decide the
amount of energy they would want to trade [208]. Tushar et al. envisage the
unfairness which can result from discriminate pricing among energy users with ES.
The authors investigated the fairness of selecting different prices for different energy
users in a smart grid and proposed a cake-cutting game approach for solving this
problem in order to promote envy-free energy trading [214]. Luo et al. identified the
lack of a viable profitable pricing model for public charging stations of EV batteries
[215]. The authors used a stochastic dynamic programming algorithm based on a
multi-objective framework to derive the charging prices and the electricity
procurement for EV batteries [215].
In this section, the literature review has shown the possibilities and benefits of having
a DP coupled with ES. However, the setting of prices in such a way that flexibility can
be traded between the VPP aggregator and the prosumers and between the grid and
VPP aggregator that satisfies all stakeholders’ objectives lacked clarity. This was
identified as a major barrier to the uptake of VPP.

3.11 Demand Side Management
DSM commonly refers to programs implemented by utility companies to manage
energy consumption at the consumers’ side. It involves the modification of
consumers’ energy demand through financial incentives and behavioural change
[216-218]. This is supported by the development of DP and SM. Figure 3-7 shows how
peak and valley-filling occurs during DSM.
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Figure 3-7: Peak load-shaving and valley-filling during DSM.
From Figure 3-7, DSM helps to reduce the PAR of the grid’s demand. Chis et al.
proposed a collaborative approach based on the DSM method for minimising energy
consumption and cost within a community of residential households [219].
One of the categories of DSM is DR [70, 216]. Shengnan et al. proposed the concept
of DR as a load-shaping tool to prevent transformer overloading at the DN [220].
Details of the various types of DR, as well as VPP and DSM, and potentials for VPPs in
the UK in terms of DSM will be discussed in section 3.11.1, 3.11.2, and 3.11.3.

3.11.1 Types of Demand Response
There are two types of DR program schemes. These include explicit DR schemes and
implicit DR schemes [216, 221].
In explicit DR schemes (incentive based DR schemes), the prosumers’ units of DERs
are traded in the power market by the utilities for the provision of flexibility to the
grid [216, 221]. The prosumers get incentives for having their portfolios used for
offering flexibility. An example of an explicit DR is direct load control. Explicit DR for
prosumers was studied by Ma et al. [101]: according to the authors, prosumers get
direct payment in explicit DR.
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Implicit DR (also known as price-based DR) involves prosumers choosing to be
exposed to time-varying (dynamic) electricity prices that reflect the value and cost of
electricity at different periods. The price of electricity may be different at pre-set
times or may vary dynamically according to the day, week and year and the existing
reserve margin [216]. The prices are usually very high during peak period and low at
off-peak period [216]. The prices can be established by the utilities in advance such
as DA, or in RT [216].

3.11.2 VPP and Demand Side Management
The ability of VPPs to provide flexibility through their prosumers makes them suitable
to provide DSM to the grid [101, 222-224]. Figure 3-8, shows the VPP stakeholders’
interaction with respect to DR.

Figure 3-8: VPP stakeholders’ interaction in DR.
VPP as a provider of DR has been proposed in previous literature, reviewed below.
Thavlov et al. proposed the utilisation of flexible demand in a VPP set-up in order to
enhance VPP ability to provide DR. According to the authors, flexibility is provided by
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the prosumers’ building a management system based on a direct control signal from
the VPP [224]. Dabbagh et al. proposed the use of DR programs for schedulable loads
under a VPP operation in both DA and balancing market under uncertainty that is
dealt with by stochastic optimisation. According to the authors, a dual pricing system
is required for VPP participation in the DA market [225]. In [226], a DR scheme is
proposed that avoids the need to predict the price elasticity of demand or demand
forecast. This is done using the consumer's submitted candidate load profile ranked
in order choice. The proposed model incorporates a billing mechanism scheme
implemented in a VPP context [226]. Mnatsakanyan et al. proposed a DR in a DA
market for prosumers’ participation through VPP aggregators. The authors assume a
VPP aggregator that is a price taker in the wholesale market and sets the consumer
price in order to minimise consumers’ energy purchasing cost. Awami et al. proposed
an optimal bidding model based on fuzzy optimisation for VPP that provides DR to
the grid. The authors’ model considered a VPP that trades energy externally to the
grid and trades energy internally to the prosumers using RER [227]. Zhang et al.
proposed a bidding strategy for VPP offering DR in the electricity market to the ISO
under uncertainty of renewable generation [228]. According to the authors, unlike
the previous model which considered the VPP as a price taker in the market, their
model considered a VPP which is a price maker (i.e. negotiates and sets its price)
[228]. Nguyen et al. proposed the use of intra-day DR based on stochastic
programming for VPP to avoid a penalty associated with the deviation of VPP day
ahead energy bidding and RT dispatch [229]. In [230], VPP was proposed for ES in a
smart home in a DR program using a TOU tariff. According to the authors, VPP
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operation under DSM would result in energy savings, cost minimisation, improve
prosumers’ comfort, and reduce the peak to average demand of the grid [230].

3.11.3 Potential for VPPs in the UK in terms of DSM
In the UK 54% of electricity produced is lost before it gets to the consumers, mainly
attributed to inefficient energy systems [231]. This loss has been estimated to be
worth £9.5 billion, which is sufficient to cover at least half of consumers’ annual
electricity bill in the UK. As a result, DR has been identified as a cost-effective strategy
to deal with this issue [152, 232-234]. It is estimated that DR would bring an annual
cost saving of £8 billion to UK electric utilities as 16% of UK peak energy demand can
be curtailed through DR rather than increasing generation capacity [231].
Consumers’ demand management in the UK would help in triad avoidance, among
others [235, 236]. Bradley et al. did a cost-benefit analysis of DR in the UK. According
to these authors, the use of enabling technology like SM coupled with DP in DR would
further reduce the peak demand by around 21% to 44% [234].
The use of a DR program to procure flexibility from DER is one of the strategies of the
UK’s NG towards a sustainable energy grid. NG is the ISO in the UK. According to
OFGEM, the National Grid has the ambition to procure 50% of its balancing service
from prosumers’ DER through DR programmes by the year 2030 [151]. This is a
significant increase compared to the 2016 baseline, which is less than 6%. In order to
achieve this target, the NG is facilitating the development of aggregators like the VPP
through which prosumers will be able to provide flexibility to the grid [151]. This
move is motivated by the success of PJM [237]. A pilot study carried out in 2015 by
the Energyst has demonstrated that 67% of DR in the UK is done through an
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aggregator [238]. This figure is higher than other means by which DR is procured.
Figure 3-9 provides clarity on this.

Figure 3-9: Pilot study on means of providing demand response provision in the UK
[238].
The conclusion drawn from this study is that there is a potential market for VPP in
the UK, particularly at the distribution level of the grid where the VPP would operate.

3.12 Scheduling
In smart grid operation, scheduling of DER using algorithms has been done to meet
the objectives discussed in section 3.5.3. The work of various authors is presented
next.
In order to achieve the required grid load shape, Bakker et al. developed a three-step
optimisation and control algorithm for a smart grid which focused on reshaping the
load profile of a large group of buildings [239]. Thilainatan et al. developed a heuristic
optimisation algorithm for a smart grid that helps residential, commercial, and
industrial consumers to reduce their peak load during demand side management
[114]. An MILP model was used by Nikolas et al. for developing a home EMS that
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schedules thermostatically and a non-thermostatically controllable loads of energy
consumers in order to achieve the required grid load shape.
In order to minimise energy losses, Filipe et al. proposed a MAS for a smart grid that
minimises the energy losses at the DN under dynamic load variation [94]. Sara et al.
proposed a real-time smart load management control strategy for the coordination
of plugin EV charging in RT that helps to minimise energy losses within the network
[240]. Ochoa et al. used a multi-period AC optimal power flow algorithm to
determine the optimal accommodation of DG which helps in energy loss
minimisation [115].
In order to minimise cost, Sepideh et al. proposed a game theoretic approach based
on the Epsilon Nash point for modelling market interaction between the utilities and
consumers [241]. According to the authors, this model increases profit for the
utilities and reduces the cost for the consumers. Sungyun et al. developed an EMS
for a smart grid based on quadratic programming that minimises cost and maximises
profit for energy prosumers [242]. Melhem et al. developed an energy management
model based on robust optimisation techniques that minimises the electricity cost in
a smart home [243].
In order to minimise carbon emission, Ahmed et al. proposed a bi-level hybrid multiobjective evolutionary algorithm to find the optimal strategies that minimise carbon
emissions in a micro-grid [121]. Liang Yu et al. proposed a Lyapunov optimisation
algorithm for distributed internet data centres in smart micro-grids that minimises
carbon emission [122].
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3.12.1 Scheduling with regards to VPP
Various authors have presented scheduling of DERs under VPP to enable them to
meet the objectives of the VPP in a smart grid discussed in section 3.5.3.
Nezambadi et al. proposed a MILNP algorithm that maximises profit for the VPP
during arbitrage in energy, spinning reserve and a reactive power market [157].
Pandzic et al. developed an optimisation algorithm based on MILP that maximises
profit for a VPP in wind power plant aggregation [74]. Giuntoli et al. proposed an
optimised thermal and electrical scheduling algorithm based on MILP that maximises
profit for the VPP with integration of ES [149]. Pourghaderi et al. proposed a bi-level
optimisation framework based on MILP problem that maximises profit for the TVPP
in the DA market [86]. In addition, the authors in [244] proposed a bi-level
optimisation algorithm based on MILP that maximises profit for the VPP during
bidding in the DA market.
Rad et al. used a point of the estimate for VPP with DER to schedule the DER
uncertainties in DA to meet the grid’s required regulation service. The optimisation
problem associated with the cost associated with combined heat and power plants,
and thermal storage under VPP aggregation has been studied by Caldon et al. [245].
A two-stage algorithm based on linear programming has been proposed by Kumar et
al. to schedule DG under VPP aggregation for optimisation of a utility function of
interest [246].
The authors in [247-250], used GA to schedule DER under VPP operation. This is in
order to obtain the required trade-off between VPP’s VPP’seconomic and reliability
cases in terms of cost minimisation, profit maximisation, and minimisation of the risk
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associated with the generator’s output. According to [249], it is possible to use GA
for scheduling of VPP in a multi-objective optimisation problem.
Qiu et al. proposed a two-stage optimisation algorithm based on the particle swarm
optimisation algorithm that maximises profit and minimises cost for VPP during
scheduling of DER in DA or RT of the power market [251]. Hua et al. proposed a novel
unit commitment based on a multi-objective immune algorithm for VPP that
minimises both the cost of generators; energy production, carbon emission, and
consumer’ bills. In order to achieve this, the authors formulated a multi-objective
problem [252].
This section has provided a review of the application of some of the optimisation
techniques used for scheduling in VPP. The comparisons of these optimisation
techniques in terms of efficacy are not covered, as it is beyond the scope of this work.
This work will make use of GA.

3.13 Challenges to the Deployment of VPP
While VPP is envisaged to make some important contributions towards the electricity
grid. However, certain barriers plague their deployment. For example, the
immaturity of the aggregation market [101]. According to OFGEM, “there is limited
evidence of aggregators at the residential level even in markets where demand
response is fairly well developed such as in the PJM, or in less mature markets such
as France” [151]. Also, most DERs, particularly ES, are still at their developmental
stage of technical maturity. These raise the questions on the cost-effectiveness of
the deployment of VPP, as studies have shown that the maturity of technology is
inversely proportional to its cost [132]. There is no properly defined regulatory policy
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on the market in terms of revenue sharing between the VPP aggregator and the
prosumers i.e. on what percentages of the incentive each party would get from the
market. This is critical, particularly as the financial reward of each party is a
motivation for participating in a VPP [234]. This is further compounded by the
difficulty in identifying the right pricing strategy particularly for a bidirectional flow
of energy between prosumers and the grid that satisfies the marketing objectives of
all VPP stakeholders while considering the comfort and the behaviour of the
prosumers during arbitrage. The lack of standards means a variety of VPP models
exist [71, 102]. This raises the question of the interoperability of the VPP, particularly
the interaction among multiple VPP [102, 253]. Finally, in developing countries like
Nigeria where the electricity grid is weak and prone to power cuts, it remains unclear
how the VPP would operate in such a scenario. Therefore, in order to make the VPP
a practical possibility, it is important that these challenges be addressed.

3.14 Conclusion
This chapter has provided a detailed literature review of VPP. This is with respect to
the types of VPP, the different control methods used in VPP, the VPP stakeholders,
DER particularly ES, VPP business model, DP, VPP under DSM, scheduling with
regards to VPP, and barriers to VPP deployments. In the literature, it was established
that each and every VPP control method has its strength and weakness. The various
existing projects on ES deployment and the proposed V2G concept have
demonstrated the viability of the concept of ES integration into the electricity grid
and the need for their aggregation in a VPP operation. The development of DP
alongside the ability of VPP to offer flexibility to the grid through ES makes VPP
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suitable for DSM. The market potentials of VPP in the UK with respect to DSM have
also been presented. Existing models of DP with regards to load scheduling during
DSM have mainly focused on the unidirectional flow of energy between the
consumers and the grid. The use of ES in VPP operation will involve a bidirectional
flow of energy. In the literature, existing models of DP with regards to ES have mainly
focused on reducing energy costs for utilities and consumers as well as providing the
grid with its required load shape. The published work assumes either prices or costs,
and then optimises for lowest cost within the grid parameters i.e. losses, voltage
limits, etc. However, the issue with such a system is that there is a lack of clarity about
how the market would operate under VPP with ES. The setting of prices with regard
to arbitrage during DSM under a bidirectional flow of energy in such a way that
energy can be traded among VPP stakeholders both at wholesale and aggregation
market that satisfies all stakeholders’ objectives has not been fully explored in the
literature, particularly with real-time VPP aggregators.
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4 VIRTUAL POWER PLANT IN DIFFERENT PRICE
SETTINGS
This chapter investigates how a community VPP could operate under different price
settings using a limited number of prosumers, assuming a market that has both a
wholesale market and aggregation market. This chapter gives a detailed description
of an investigation into how a VPP operates within an aggregation market in order to
understand how pricing mechanisms could be used in a RT environment rather than
operational and planning aspects of power systems on which much work already
exists. It provides clarity on how the price mechanism both at the wholesale and the
aggregation market affects the welfare of the VPP stakeholders during VPP operation
in DSM. The pricing mechanism used in this chapter is based on hypothetical data
that reflects the peak and the off-peak demand. Figure 4-1 is a VPP market
framework.

Figure 4-1: VPP market framework.
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In Figure 4-1 there are a number of VPP aggregators that trade energy with the ISO
at the wholesale market. Each VPP aggregator has N prosumers. Each VPP aggregator
and its prosumers trade energy on the aggregation market. During business
transactions, the VPP stakeholders which include the prosumers, VPP aggregator,
and the ISO at the grid seeks to get the reward of the market.
In the wholesale market, the power system costs which includes grid maintenance
and infrastructure costs are all accounted for as part of the grid’s price that is agreed
with the VPP aggregator. This would have been developed in the traditional way
based on power system modelling and optimisation. Using wholesale market prices,
the VPP aggregator sets the prices in the aggregation market. The framework to
investigate this is discussed in the following sections.

4.1 VPP Stakeholders Model
Figure 4-2 shows in detail the architectural framework of a VPP model that is used
for the investigation.
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Figure 4-2: Architecture of the virtual power plant stakeholders’ model.
N is the total number of prosumers within the community aggregated as a VPP. t is
𝑑𝑖𝑠
𝑑𝑖𝑠
the time interval. 𝐸1,𝑡
to 𝐸𝑁,𝑡
are the discharge energies from prosumer 1 to N
𝑐ℎ𝑔

𝑐ℎ𝑔

battery respectively at t. 𝐸1,𝑡 to 𝐸𝑁,𝑡 are the charge energies for prosumer 1 to N
battery respectively at t. 𝐿1,𝑡 to 𝐿𝑁,𝑡 are the DA load demand of prosumer 1 to N
respectively at t. This load is fixed. 𝛽𝑡𝑠𝑒𝑙𝑙 is the prosumer sell price of energy from the
battery to the VPP aggregator, or the price at which the VPP aggregator buys energy
𝑏𝑢𝑦

from the prosumers’ battery. 𝛼𝑡

is the price at which the prosumer buys energy

from the VPP aggregator to meet its load demand which includes charging of the
battery, or the price at which the VPP aggregator sells energy to the prosumer. 𝐸𝑡𝑖𝑚𝑝
and 𝐸𝑡𝑒𝑥𝑝 are the amounts of energy imported from the grid, and exported to the grid
by the VPP aggregator respectively at t. 𝛿𝑡𝑖𝑚𝑝 and 𝛾𝑡𝑒𝑥𝑝 are the VPP aggregator import
and export prices of energy to and from the grid respectively at t. Both the VPP
aggregator and the ISO negotiate in the wholesale market on the price and energy to
be traded. Based on the wholesale market prices the VPP aggregator negotiates
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prices with prosumers in the aggregation market for the trading of energy. Ideally,
the prices in the aggregation market should reflect the time-varying nature of
wholesale market prices which simultaneously reflects the grid demand. This is a key
requirement for efficient pricing [191]. Each VPP stakeholder is discussed in following
subsections.

4.1.1 Prosumer Stakeholder
In Figure 4-2 each prosumer has a fixed load (i.e. DA load) and battery storage
embedded inside their home and participates in the market via the VPP aggregator
with respect to providing DSM to the external grid. This storage is known as
embedded energy storage (EES). The business transactions between the VPP
aggregator and the prosumers are done in the aggregation market, at the distribution
side of the grid. This is because prosumers on their own do not have the required
power capacity in terms of the storage unit to negotiate directly with the ISO at the
external grid with respect to providing DSM, as this negotiation occurs at the
wholesale level of the market. The VPP aggregator is given authority by the
prosumers to make negotiations on their behalf in the wholesale market as well as
to control the charge and discharge energy from their batteries. The prosumer buys
energy from the VPP aggregator for meeting its fixed load and for charging its battery.
The prosumer sells energy to the VPP aggregator, which can be exported to the
external grid for the curtailment of the peak. The key motivation of the prosumers in
having their batteries aggregated as a VPP as well as offering flexibility is to get a
financial incentive in order to minimise their net energy purchasing cost. In order to
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𝑏𝑢𝑦

achieve this, the prosumers require the VPP aggregator to set 𝛼𝑡
𝑐ℎ𝑔

𝑐ℎ𝑔

𝑐ℎ𝑔

and 𝛽𝑡𝑠𝑒𝑙𝑙 as well

𝑐ℎ𝑔

as allocate 𝐸1,𝑡 to 𝐸𝑁,𝑡 and 𝐸1,𝑡 to 𝐸𝑁,𝑡 correctly.

4.1.2 VPP Aggregator Stakeholder
At t, the VPP aggregator can buy energy from the grid (𝐸𝑡𝑖𝑚𝑝 ) at a price 𝛿𝑡𝑖𝑚𝑝 and from
𝑑𝑖𝑠
𝑑𝑖𝑠
prosumer 1 to prosumer N batteries (𝐸1,𝑡
to 𝐸𝑁,𝑡
) at price 𝛽𝑡𝑠𝑒𝑙𝑙 . The VPP aggregator

buys 𝐸𝑡𝑖𝑚𝑝 in bulk from the grid’s wholesale market to meet the prosumers’ load
𝑐ℎ𝑔

𝑐ℎ𝑔

demand (𝐿1,𝑡 to 𝐿𝑁,𝑡 ) as well as to charge the prosumers’ batteries (𝐸1,𝑡 to 𝐸𝑁,𝑡 ). In
this model, the VPP can combine both energies from the grid and prosumer batteries
to meet the load demand of all prosumers (𝐿1,𝑡 to 𝐿𝑁,𝑡 ). The energy bought from each
𝑑𝑖𝑠
𝑑𝑖𝑠
prosumer (𝐸1,𝑡
to 𝐸𝑁,𝑡
) is aggregated by the VPP aggregator. The aggregated energy

is first used within the community to meet each prosumer’s fixed load demand
before it can be sold in the wholesale power market to the grid (exported to the
external grid) by the VPP aggregator on behalf of the prosumers. The VPP aggregator
and the ISO in the external grid negotiate and agree 𝛿𝑡𝑖𝑚𝑝 and 𝛾𝑡𝑒𝑥𝑝 in DA. This is based
on the grid’s DA demand as well as its requirement for dynamic load levelling (peak
and off-peak support) and willingness from the VPP aggregator to import and export
energy. This is in order to ensure DSM. The VPP aggregator has a DA forecast of 𝐿1,𝑡
𝑏𝑢𝑦

to 𝐿𝑁,𝑡 . The VPP aggregator then allocates 𝛼𝑡
𝑐ℎ𝑔

𝑐ℎ𝑔

𝑐ℎ𝑔

𝑑𝑖𝑠
𝑑𝑖𝑠
, 𝛽𝑡𝑠𝑒𝑙𝑙 , 𝐸1,𝑡 to 𝐸𝑁,𝑡 , and 𝐸1,𝑡
to 𝐸𝑁,𝑡
.

𝑐ℎ𝑔

𝑑𝑖𝑠
𝑑𝑖𝑠
The VPP aggregator uses 𝐸1,𝑡 to 𝐸𝑁,𝑡 , and 𝐸1,𝑡
to 𝐸𝑁,𝑡
to control the amount of

energy to be imported 𝐸𝑡𝑖𝑚𝑝 and exported 𝐸𝑡𝑒𝑥𝑝 to the grid. From the VPP
𝑏𝑢𝑦

aggregator’s perspective, 𝛼𝑡

𝑐ℎ𝑔

𝑐ℎ𝑔

𝑑𝑖𝑠
𝑑𝑖𝑠
, 𝛽𝑡𝑠𝑒𝑙𝑙 , 𝛿𝑡𝑖𝑚𝑝 , 𝛾𝑡𝑒𝑥𝑝 , 𝐸1,𝑡 to 𝐸𝑁,𝑡 , and 𝐸1,𝑡
to 𝐸𝑁,𝑡
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should be set in a way that makes a profit in the DA market assuming no error in
forecasting.

4.1.3 ISO Stakeholder
The ISO in the external grid requires flexibility from the VPP in terms of DSM in order
to help balance the grid [254]. This balancing service involves peak-shaving and
valley-filling. During the peak period, the grid requires support from the VPP. The VPP
can support the grid by reducing its dynamic load, by discharging its prosumer
𝑑𝑖𝑠
𝑑𝑖𝑠
batteries 𝐸1,𝑡
to 𝐸𝑁,𝑡
to meet the prosumer load demand 𝐿1,𝑡 to 𝐿𝑁,𝑡 , and also by

exporting energy 𝐸𝑡𝑒𝑥𝑝 to the grid. During the off-peak period, the grid requires the
VPP to increase its dynamic load, by importing energy 𝐸𝑡𝑖𝑚𝑝 from the grid to meet its
𝑐ℎ𝑔

𝑐ℎ𝑔

prosumers load as well charging of the battery 𝐸1,𝑡 to 𝐸𝑁,𝑡 . The provision of peak
and off-peak services by the VPP is to help the grid flatten its demand. Ideally, a
flatter demand is better for the grid due to a lower PAR. The grid’s requirement for
DSM is reflected by the setting of the prices 𝛿𝑡𝑖𝑚𝑝 , and 𝛾𝑡𝑒𝑥𝑝 in the wholesale market.
More clarity on this is provided in section 4.4 of this thesis.

4.2 State Transition Diagram
A state transition diagram is presented in Figure 4-3, showing how the transition of
the VPP model occurs through its aggregated units of ES and loads when offering
flexibility to the grid during DSM.
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Figure 4-3: VPP state transition diagram.
The VPP initial state represents the state of the VPP before and after DSM. In that
state, both the aggregate load minus the aggregate battery charge and discharge
energy are equal to 0. The next state of the VPP transition depends on its current
state and its net dynamic load. The VPP net dynamic load is the aggregate discharge
energy minus the aggregate charge energy minus the aggregate prosumer load. The
VPP net dynamic load transition is governed by market prices. When the VPP is in its
initial state and its net dynamic load is greater than zero, it would transit to the export
state, which means the VPP exports energy to the grid. When the VPP is in its initial
state and its net dynamic load is less than zero, it would transit to the import state,
which means the VPP imports energy from the grid. When VPP is in its initial state
and its net dynamic load is equal to zero, it would remain in the initial state. In that
state, from the grid’s perspective, the VPP neither imports or exports energy to the
grid. The VPP will transit from the import state to the export state when the net
dynamic load is greater than zero or from the export state to the import state when
the dynamic load is less than zero. The state transition of the VPP with respect to the
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pricing is used to determine the performance of the VPP in providing DSM. Further
clarity on the VPP performance is provided in section 4.4.

4.3 Mathematical Modelling
The efficiency of conversion (𝜂𝑐𝑜𝑛𝑣 ) is introduced to the model in Figure 4-2, in order
to account for the losses associated with the use of battery storage for arbitrage.
Battery storage in a VPP operation would involve the conversion of AC from the VPP
aggregator to DC during charging of the prosumer battery, and the conversion of DC
to AC during discharging of the prosumer battery upon request by the VPP
aggregator. The effect of the efficiency of conversion of the converter on battery
storage in a VPP operation is presented in Figure 4-4, as follows.

Figure 4-4: Converter efficiency effect on battery storage under VPP.
In Figure 4-4, the energy required by the VPP aggregator to charge prosumer i battery
would be lower at higher efficiency of conversion compared to lower efficiency of
conversion. The discharge energy that reaches the VPP aggregator would be higher
at higher efficiency of conversion compared to lower efficiency of conversion.
Therefore, the conversion efficiency of the converter is also included in the model.
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4.3.1 VPP Aggregator’s Profit
𝑝𝑟𝑜𝑓𝑖𝑡

The VPP aggregator’s profit 𝑉𝑃𝑃𝑡

at each time interval t over the day’s total

number of time intervals (T) is calculated as follows:
𝑇

𝑇

𝑝𝑟𝑜𝑓𝑖𝑡
∑ 𝑉𝑝𝑝𝑡
𝑡=1

(4.1)

= ∑(𝑉𝑝𝑝𝑡𝑟𝑒𝑣 − 𝑉𝑝𝑝𝑡𝑐𝑜𝑠𝑡 )
𝑡=1

Here 𝑉𝑃𝑃𝑡𝑟𝑒𝑣 and 𝑉𝑃𝑃𝑡𝑐𝑜𝑠𝑡 are the VPP aggregator’s revenue and cost respectively at
t. Both VPP revenue and cost are calculated respectively in (4.2) and (4.3) as follows:
𝑇

𝑁

∑ 𝑉𝑃𝑃𝑡𝑟𝑒𝑣

=

𝑡=1

𝑇

𝑐ℎ𝑔

𝑏𝑢𝑦
∑ ∑(𝛼𝑡 . (𝐿𝑖,𝑡
𝑖=1 𝑡=1

𝑁

∑ 𝑉𝑃𝑃𝑡𝑐𝑜𝑠𝑡

𝑇

+

𝐸𝑖,𝑡
𝜂

𝑒𝑥𝑝

) + 𝛾𝑡
𝑐𝑜𝑛𝑣

𝑒𝑥𝑝

. 𝐸𝑡

(4.2)
)

𝑇

𝑑𝑖𝑠
= ∑ ∑(𝛽𝑡𝑠𝑒𝑙𝑙 . 𝜂𝑐𝑜𝑛𝑣 . 𝐸𝑖,𝑡
+ 𝛿𝑡𝑖𝑚𝑝 . 𝐸𝑡𝑖𝑚𝑝 )

𝑡=1

(4.3)

𝑖=1 𝑡=1

Here i is an index number for the prosumer.

4.3.2 Prosumers’ Net Cost and Incentive
The prosumers’ net cost 𝑃𝑡𝑛𝑒𝑡 at each time interval t over the day’s total number of
time intervals T is calculated as follows:
𝑇

𝑁

∑ 𝑃𝑡𝑛𝑒𝑡
𝑡=1

=

𝑇

𝑏𝑢𝑦
∑ ∑(𝛼𝑡
𝑖=1 𝑡=1

𝑐ℎ𝑔

(𝐿𝑖,𝑡 +

𝐸𝑖,𝑡
𝜂

𝑑𝑖𝑠
) − 𝛽𝑡𝑠𝑒𝑙𝑙 . 𝜂𝑐𝑜𝑛𝑣 . 𝐸𝑖,𝑡
)
𝑐𝑜𝑛𝑣

(4.4)

From (4.4), the prosumers’ incentive 𝑃𝑡𝑖𝑛𝑐 is obtained and is presented as follows:
𝑐ℎ𝑔

∑𝑇𝑡=1 𝑃𝑡𝑖𝑛𝑐

=

𝑑𝑖𝑠
𝑇
𝑠𝑒𝑙𝑙 𝑐𝑜𝑛𝑣
∑𝑁
.𝜂
. 𝐸𝑖,𝑡
𝑖=1 ∑𝑡=1(𝛽𝑡

100

−

𝑏𝑢𝑦 𝐸𝑖,𝑡
𝛼𝑡 . 𝜂𝑐𝑜𝑛𝑣
)

(4.5)

4.3.3 Battery State of Charge
The battery state of charge (SOC) gives information on the battery energy level. In
this work, the battery energy level is measured per unit. Usually, the battery SOC
cannot be measured directly but can be inferred from the battery energy level.
Therefore, the battery SOC is a measure of the battery energy level in comparison to
the battery actual capacity, assuming an ideal battery with no Peukert effect
(associated with lead-acid batteries), no losses (self-discharge) and whose actual
capacity is the same as its nominal capacity. Under Peukert condition, the energy loss
from the battery increases as the energy discharge from the battery increases
beyond the manufacturers specified rated discharge. This is further explained and
investigated in section 4.15. The SOC is measured as a percentage. It gives
information on the battery depth of discharge (DOD). The cumulative battery energy
level measured at t is calculated as follows:
𝑁

𝑇

𝑁

𝑠𝑡𝑜𝑟𝑒𝑑
∑ ∑ 𝐸𝑖,𝑡
𝑖=1 𝑡=1

=

𝑇

∑ 𝐸𝑖𝑖𝑛𝑖𝑡
𝑖=1

+

𝑇

𝑐𝑑
∑ ∑ 𝐸𝑖,𝑡
𝑖=1 𝑡=1

(4.6)

𝑐ℎ𝑔

𝐸𝑖,𝑡 , 𝑖𝑓𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔 𝑜𝑐𝑐𝑢𝑟

𝑐𝑑
𝑑𝑖𝑠
𝐸𝑖,𝑡
= {−𝐸𝑖,𝑡
, 𝑖𝑓𝑑𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔 𝑜𝑐𝑐𝑢𝑟
0, 𝑖𝑓𝑏𝑎𝑡𝑡𝑒𝑟𝑦 𝑖𝑠 𝑖𝑑𝑙𝑒

(4.7)

𝑠𝑡𝑜𝑟𝑒𝑑
𝐸𝑖,𝑡
is the prosumer i cumulative battery energy level in per unit measured at t.

𝐸𝑖𝑖𝑛𝑖𝑡 is the prosumer i initial battery energy level in per unit before participation in
𝑐𝑑
the day ahead power market. 𝐸𝑖,𝑡
is the charge or discharge energy exchange per

unit of prosumer i battery at time interval t. The prosumer battery SOC is calculated
as follows:
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𝑁

𝑇

∑ ∑ 𝑆𝑂𝐶𝑖,𝑡 = 100

𝑠𝑡𝑜𝑟𝑒𝑑
𝑇
∑𝑁
𝑖=1 ∑𝑡=1 𝐸𝑖,𝑡

𝑖=1 𝑡=1

(4.8)

𝑏𝑎𝑡𝑡
∑𝑁
𝑖=1 𝐸𝑖

𝑆𝑂𝐶𝑖,𝑡 is the SOC of prosumer i battery measured in percentage during t. 𝐸𝑖𝑏𝑎𝑡𝑡 is the
actual battery capacity per unit of prosumer i. Dividing 𝐸𝑖𝑖𝑛𝑖𝑡 by 𝐸𝑖𝑏𝑎𝑡𝑡 will give the
initial SOC of prosumer i battery, 𝑆𝑂𝐶𝑖𝑖𝑛𝑖𝑡 .

4.3.4 Battery Constraints
Each prosumer’s battery discharge constraint is represented as follows:
𝑑𝑖𝑠
𝑑𝑖𝑠
𝑑𝑖𝑠
𝐸𝑚𝑖𝑛,𝑖
≤ 𝐸𝑖,𝑡
≤ 𝐸𝑚𝑎𝑥,𝑖

(4.9)

∀𝑡 ∈ {1,2. . . . . . 𝑇}; ∀𝑖 ∈ {1,2. . . . . . 𝑁}
𝑑𝑖𝑠
𝑑𝑖𝑠
Here 𝐸𝑚𝑖𝑛,𝑖
and 𝐸𝑚𝑎𝑥,𝑖
are the minimum and maximum discharge energies that can

be allocated to prosumer i battery. Each prosumer battery charge constraint is given
as follows:
𝑐ℎ𝑔

𝑐ℎ𝑔

𝑐ℎ𝑔

𝐸𝑚𝑖𝑛,𝑖 ≤ 𝐸𝑖,𝑡 ≤ 𝐸𝑚𝑎𝑥,𝑖

(4.10)

∀𝑡 ∈ {1,2. . . . . . 𝑇};∀𝑖 ∈ {1,2. . . . . . 𝑁}
𝑐ℎ𝑔

𝑐ℎ𝑔

Here 𝐸𝑚𝑖𝑛,𝑖 and 𝐸𝑚𝑎𝑥,𝑖 are the minimum and maximum charge energy that can be
allocated to prosumer i battery. Each prosumers’ battery SOC constraint is given as
follows:
𝑆𝑂𝐶𝑚𝑖𝑛,𝑖 ≤ 𝑆𝑂𝐶𝑖,𝑡 ≤ 𝑆𝑂𝐶𝑚𝑎𝑥,𝑖

(4.11)

∀𝑡 ∈ {1,2. . . . . . 𝑇}; ∀𝑖 ∈ {1,2. . . . . . 𝑁}
Here 𝑆𝑂𝐶𝑚𝑖𝑛 𝑖 and 𝑆𝑂𝐶𝑚𝑎𝑥 𝑖 are the minimum and maximum SOC of prosumer i
battery.
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4.3.5 Dynamic Load Constraints
𝑑𝑦𝑛

The VPP net dynamic load (𝐸𝑡

) is the aggregate load plus the aggregate battery

charge energy minus the aggregate battery discharge. This is the VPP load on the grid
or the load the grid sees from the VPP at time interval t. This load is governed by price
and is subject to change from one time interval to another time interval due to the
charge/discharge energy from the battery.
𝑁
𝑑𝑦𝑛
𝐸𝑡

(4.12)

𝑐𝑑
𝑐𝑜𝑛𝑣
= ∑(𝐿𝑖,𝑡 + 𝜂𝑐𝑑
. 𝐸𝑖,𝑡
)
𝑖=1

∀𝑡 ∈ {1,2. . . . . . 𝑇}; ∀𝑖 ∈ {1,2. . . . . . 𝑁}

𝑐𝑜𝑛𝑣
𝜂𝑐𝑑

𝑐𝑑
𝑑𝑖𝑠
𝜂𝑐𝑜𝑛𝑣 , 𝑖𝑓𝐸𝑖,𝑡
= −𝐸𝑖,𝑡
={ 1
𝑐ℎ𝑔
𝑐𝑑
, 𝑖𝑓𝐸𝑖,𝑡
= 𝐸𝑖,𝑡
𝜂𝑐𝑜𝑛𝑣

𝑑𝑦𝑛

𝐸𝑡𝑖𝑚𝑝 , 𝑖𝑓𝐸𝑡
𝑑𝑦𝑛
𝐸𝑡

=

(4.13)

>0

{𝐸𝑡𝑒𝑥𝑝 , 𝑖𝑓𝐸𝑡𝑑𝑦𝑛 <
𝑑𝑦𝑛
0, 𝑖𝑓𝐸𝑡 = 0

0
(4.14)

The VPP net dynamic load is subject to the network constraint as follows:
𝑔𝑟𝑖𝑑

𝑑𝑦𝑛

(4.15)

𝐸𝑚𝑎𝑥 ≤ 𝐸𝑡

∀𝑡 ∈ {1,2. . . . . . 𝑇}
𝑐𝑜𝑛𝑣
𝜂𝑐𝑑
accounts for the efficiency of the converter for both charge and discharge

operation of the battery. Both 𝐸𝑡𝑖𝑚𝑝 and 𝐸𝑡𝑒𝑥𝑝 are the amount of energy imported
from the grid, and exported to the grid by the VPP aggregator respectively at time
𝑑𝑦𝑛

interval t. If 𝐸𝑡

is greater than zero, the VPP is importing energy at time interval t,
𝑔𝑟𝑖𝑑

and if less than zero, it is exporting energy at time interval t. 𝐸𝑚𝑎𝑥 is the maximum
103

energy exchange, which is to prevent violation of the voltage limit of the network.
The network is further considered as a Black Box model.

4.4 Proposed Cumulative Performance Index (CPI)
In the literature, VPP has been proposed to provide DSM to the grid in order to help
reduce the PAR of the demand. A low PAR of demand implies a high load factor (LF)
or LF close to unity. LF gives the ratio of the average or actual load to the peak load
[255]. A high LF means the demand profile is relatively flat, while a low LF indicates
occasional peaks in the demand profile. A low LF would incur a cost on the grid due
to the cost of purchasing balancing resources. Ideally, during VPP operation with
respect to DSM, the grid would require a high LF from the VPP [255]. However, under
VPP with ES, the bidirectional flow of energy between the VPP and the grid would
mean the presence of both negative and positive load in the VPP’s net dynamic load
profile. Therefore, the use of LF is envisaged not to be sufficient to measure the VPP’s
performance with respect to DSM. This problem is further compounded when clarity
is needed in terms of how the VPP net dynamic load occurs with respect to price. Due
to these limitations, a new performance index called the “Cumulative Performance
Index (CPI)” is for the first time proposed to measure the VPP performance with
respect to DSM. The VPP performance is determined by comparing both the VPP net
𝑑𝑦𝑛

dynamic load 𝐸𝑡

and the grid’s need for DSM. The VPP net dynamic load at t is the

energy imported from the grid by the VPP or the energy exported to the grid by the
VPP at t. The DSM need of the grid at t is indicated by the exchange price 𝜆𝑡 at t. 𝜆𝑡
is the differential price in the wholesale market that encourages arbitrage of the
storage under VPP operation in order to provide DSM to the grid. This is calculated
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as the difference between the import and export price of electricity at t. This is
mathematically represented as follows:
𝜆𝑡 = 𝛿𝑡𝑖𝑚𝑝 − 𝛾𝑡𝑒𝑥𝑝
{

(4.16)

𝑖𝑓𝜆𝑡 > 0, 𝑔𝑟𝑖𝑑 𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑠 𝑜𝑓𝑓 − 𝑝𝑒𝑎𝑘 𝑠𝑒𝑟𝑣𝑖𝑐𝑒
𝑖𝑓𝜆𝑡 < 0, 𝑔𝑟𝑖𝑑 𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑠 𝑝𝑒𝑎𝑘 𝑠𝑒𝑟𝑣𝑖𝑐𝑒

When 𝜆𝑡 is positive, the grid requires the VPP to provide off-peak service by
increasing its net dynamic load. The VPP can increase its net dynamic load by
importing energy from the grid. When 𝜆𝑡 is negative the grid requires the VPP to
reduce its net dynamic load. The VPP can reduce its net dynamic load by discharging
the prosumers’ battery to support the load, as well as to export energy to the grid.
𝑑𝑦𝑛

Therefore, when energy is imported at t, 𝐸𝑡
𝑑𝑦𝑛

exported at t, 𝐸𝑡

is greater than zero. When energy is
𝑑𝑦𝑛

is less than zero. Both 𝜆𝑡 and 𝐸𝑡

are represented by the logic

input 𝐴𝑡 and 𝐵𝑡 respectively, such that:
if
if


 if
if


t  0, At 1
t  0, At  0
Etdyn  0, Bt  1

(4.17)

Etdyn  0, Bt 0

If the grid requires off-peak service, it means the net dynamic load must be increased.
On the other hand, if the grid requires peak service, the dynamic load must be
decreased. Based on these criteria, a performance state 𝐶𝑡 at time t is derived as
follows:
𝑪𝒕 = (𝑨𝒕 ⊕ 𝑩𝒕 )

(4.18)

𝐶𝑡 is the output of an XNOR logic combination of inputs 𝐴𝑡 and 𝐵𝑡 . A logic state of 0
for 𝐶𝑡 means that the VPP is not performing well and the VPP dynamic load is not in
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accordance with the grid’s requirement for DSM. A logic state of 1 for 𝐶𝑡 means the
VPP has performed well and the net dynamic load of the VPP is in accordance with
the grid’s requirement for DSM. Figure 4-5 and Table 4-1 are the XNOR Logic
representation of the VPP performance state and its truth table.

Figure 4-5: XNOR Logic representation of VPP performance state.

Table 4-1: Truth table for the XNOR logic gate.
𝑨𝒕

𝑩𝒕

𝑪𝒕 = (𝑨𝒕 ⊕ 𝑩𝒕 )

0

0

1

0

1

0

1

0

0

1

1

1

Based on 𝐶𝑡 , CPI over the day is computed. CPI over T is formulated from (4.18) as
follows:

𝐶𝑃𝐼 =

100 ∑𝑇𝑡=1 𝐶𝑡
𝑇

(4.19)

The CPI is a tool to assess the technical performance of the VPP in terms of meeting
the grid’s requirement for DSM based on the VPP offering flexibility to the grid
through the use of storage in arbitrage.
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4.5 The Setting of Prices Based on Hypothetical Data
As discussed in the literature review in chapter 3, a major challenge to the uptake of
VPP with storage is the lack of clarity in terms of how the prices are set among the
VPP stakeholders with a bidirectional flow of energy between the prosumers and the
grid that meets the VPP stakeholders’ objective. There is no established pricing in the
literature for ES arbitrage under a bidirectional flow of energy that considers the VPP
stakeholders. A key requirement for arbitrage is pricing and price differences. In this
work, these are the differences in prices between VPP import and export price, as
well as the prosumers’ buy and sell prices.

4.5.1 Pricing Based on Percentage and Step-Based Value
In order to understand how pricing and the differences in prices affect the VPP
stakeholders, a pricing strategy based on percentage and step-based value is
developed. This is presented in Figure 4-6, as follows.

Figure 4-6: Pricing based on percentage and step-based value.
In Figure 4-6, the VPP export, prosumers’ buy and sell prices are set using the VPP
import price of energy as a baseline. Ideally, electricity demand in the grid is mainly
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characterized by two peak periods that occur during the morning and night. In Figure
4-6 it can be seen that the import price of energy is high during the two peak periods
(morning and night peak) compared to other periods due to the high cost in peaking
generators by the grid. The values at the two peaks reflect the prices that would be
charged to the VPP in order to encourage it to reduce its dynamic load during the
peak period. The prosumer is made to buy at a price above the import price (i.e. buy
price is 120% of the import price) in order to allow the VPP aggregator to make a
profit when importing energy from the grid. This is similar to how domestic energy
consumers are made to buy energy from electricity supplier at a higher cost from the
supplier in the retail market in order for the supplier to make a profit from the energy
that is imported from the wholesale market and sold in the retail market. The
prosumer is made to sell above its buy price (i.e. sell price is 160% of the import price)
of energy in order to allow the prosumer to get incentives and as well minimise its
net cost of energy. The VPP aggregator is made to export at a price above the
prosumer sell price (i.e. VPP export is 200% of the import price) to allow the VPP
aggregator make a profit when exporting energy to the grid.

4.5.2 Proposed, Modified and Adapted Pricing Regime
A limitation to the pricing based on percentage and step-based value is the difficulty
in establishing the DSM need of the grid based on the exchange price, 𝜆𝑡 . With
percentage-based pricing, 𝜆𝑡 , which accounts for the price difference in the
wholesale market, would always be negative for all time intervals. This would
indicate the grid requiring the VPP to always reduce its net dynamic load based on
the CPI. Thus, percentage-based pricing was considered inadequate and unrealistic
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for VPP operation [36]. Further details of the limitations of the percentage-based
pricing will be provided in section 4.9.1. In order to explore the possibilities of
overcoming these limitations, new pricing regimes that consist of proposed pricing
scheme (PPS), the modified pricing scheme (MPS), and the APS (APS) are developed,
presented in Figure 4-7, as follows.

Figure 4-7: PPS, MPS, and APS pricing regime.
In Figure 4-7, shows the VPP import price, VPP export price, prosumer buy price, PPS
sell price, MPS sell price, and APS sell price. The PPS sell price, MPS sell price, and the
APS sell price represents the prices at which prosumers sell energy to the VPP
aggregator with PPS, MPS, and APS respectively. The VPP import price, VPP export
price, and the prosumer buy price is the same for PPS, MPS, and APS. In Figure 4-7,
both import and export price are set based on the DSM need of the grid during the
peak and off-peak period. These prices are agreed between the VPP aggregator and
the ISO. Typically, during peak and off-peak period the grid requires the VPP to
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decrease or increase its dynamic load respectively. As may be seen in Figure 4-7,
during the off-peak period (early hours of the day) the grid is not willing to buy energy
from the VPP due to expected low energy demand. Therefore, it agrees to buy energy
(export energy) from the VPP at a price (export price) lower than it would sell to the
VPP (import price). At that time, it is expected that the VPP should purchase enough
energy (import energy) to charge its prosumer battery as well as meet its load
demand. During the peak period, the grid is willing to buy energy from the VPP to
meet its high energy demand. It offers to buy energy from the VPP at a price much
higher than it would sell to the VPP. Based on the import and export prices of energy,
the VPP sets the prosumer buy and sell price of energy. The PPS, MPS, and APS were
developed based on the settings of the prosumer buy and sell price using margin. The
different methodology of setting the prosumer buy and sell prices are discussed in the
following subsections.
4.5.2.1 Proposed Pricing Scheme (PPS)
In Figure 4-7, the PPS consist of the import, export, buy, and the PPS sell price for
prosumers. Under PPS, during the off-peak period, the VPP offers to buy energy from
the prosumer (PPS sell price for prosumers indicated by the black line) at a price lower
than it would sell to prosumers (prosumer buy) and lower than the export. This is to
allow prosumers to provide off-peak support by charging their batteries. However,
during the peak period, the VPP aggregator offers to buy energy at a price much higher
than it would sell to prosumer. This is to allow the prosumers to get an incentive for
providing peak support.
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4.5.2.2 Modified Pricing Scheme (MPS)
In Figure 4-7, the MPS consists of the import, export, buy, and MPS sell prices for
prosumers. MPS was developed from the changes made to the PPS sell price. This was
done by reducing the margin between the prosumer sell and buy prices, as well as
increasing the margin between the prosumer sell and export prices as shown in Figure
4-7, (MPS Sell has a higher margin with respect to the export price than PPS sell). The
rationale for developing MPS is given in section 4.9, of this thesis. As shown In Figure
4-7, the change in margin was done by ensuring MPS sell at the peak is lower than PPS
sell at the peak.
4.5.2.3 Adapted Pricing Scheme (APS)
In Figure 4-7, APS consists of the import, export, buy, and APS sell prices. APS was
developed from the changes made to the MPS sell price. This was done by increasing
the MPS sell prices in the morning and mid-day off-peak period above the import price
of electricity. As seen in Figure 4-7, the APS sell price at off-peak period is higher than
both the buy and import prices. This is unlike the MPS and the PPS sell price. This is to
penalize the VPP aggregator if it discharges the prosumer battery to export energy in
the off-peak period. This was done because PPS and MPS favour the VPP aggregator
objective of discharging the prosumer battery to make a profit during the off-peak
period at the expense of the prosumers. More clarity on the rationale for developing
APS is provided in section 4.9.
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4.6 VPP Problem Formulation
The optimisation problem is formulated considering the objectives of the VPP
stakeholders. The various optimisation problems considered in this thesis are
discussed as follows.

4.6.1 VPP Aggregator Business Case Problem Formulation
This represents the problem formulation based on VPP aggregator’s business case.
In such a scenario, the VPP schedules battery storage with respect to price to strictly
maximise profit. This problem was formulated from (4.1), and is presented as follows:
𝑇

𝑁

𝑇

𝑑𝑖𝑠
𝐸𝑖,𝑡
𝑝𝑟𝑜𝑓𝑖𝑡
[𝑀𝑎𝑥]𝐹1 = ∑ 𝑉𝑝𝑝𝑡
− 𝐷𝑒𝑝𝑐𝑜𝑠𝑡 ∑ ∑ ( 𝑐𝑜𝑛𝑣 )
𝜂
𝑡=1

𝑖=1 𝑡=1

2

(4.20)

F1 is the optimisation function for the VPP aggregator’s profit that is to be maximise.
This is subject to the constraints in (4.9), (4.10), (4.11), (4.12), and (4.15). The left side
of (4.20) accounts for the battery depreciation during usage. 𝐷𝑒𝑝𝑐𝑜𝑠𝑡 is the battery
depreciation cost. The discharge energy is divided by the efficiency and is squared to
give an indication that the battery would degrade much faster when it is subjected
to higher discharge at lower efficiency of conversion. Typically, the higher the
discharge energy the shorter the lifetime of the battery. (4.1) does not account for
the fact that the battery depreciates. This was reflected in the optimising function in
(4.20) in order to make the VPP aggregator account for the battery depreciation cost
when it is optimising to meet its objective. The depreciation cost used in the model
is based on an approximation as actual depreciation has to be modelled based on
battery usage, temperature, DOD, and battery cycle. More clarity on the depreciation
cost is presented in section 4.8.6.
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4.6.2 Prosumers Net Cost Problem Formulation
This is when the VPP optimisation problem is formulated to favour the prosumers’
business case. In such a scenario, the VPP schedules its prosumers’ batteries storage
solely to minimise the prosumers’ net cost of energy. This is derived from (4.4) and
is presented as follows:
𝑇

[𝑀𝑖𝑛]𝐹2 = ∑ 𝑃𝑡𝑛𝑒𝑡

(4.21)

𝑡=1

F2 is the optimisation function for the prosumers’ net cost that is to be minimised.
This is subject to the constraints in (4.9), (4.10), (4.11), (4.12), and (4.15).

4.6.3 ISO Requirements for DSM Problem Formulation
This is when the VPP optimisation problem is formulated to favour the ISO technical
case in terms of its requirement for DSM. In such a scenario, the VPP schedules its
prosumers’ batteries storage solely to maximise its CPI. Typically, a high value of CPI
means a high cost saving to the grid because of improved energy efficiency. This is
because it prevents the scheduling of costlier utilities’ peaking generators by the ISO
during peak period. It also prevents the ramping down of utilities’ generators output
or its shutdown during the off-peak period. The ramping down of generator output
will reduce the efficiency of the generator as well as its cost of energy production.
While the shutting down of generators would further lead to a cost during start-up.
Therefore, the formulation of the objective function for the ISO in terms of CPI for
DSM was done considering the financial benefit or cost saving associated with the
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CPI to the ISO. This is derived from (4.16), (4.17), (4.18), and (4.19) and is presented
as follows.
𝑇
𝑑𝑦𝑛

(4.22)

[𝑀𝑎𝑥]𝐹3 = ∑ 𝐶𝑡 . 𝑎𝑏𝑠(𝜆𝑡 ). 𝐸𝑡
𝑡=1

F3 is the optimisation function for the CPI in terms of its financial benefit to the ISO.
This function is to be maximise. This is subject to the constraints in (4.9), (4.10),
𝑑𝑦𝑛

(4.11), (4.12), and (4.15). Both 𝜆𝑡 and 𝐸𝑡

accounts for the financial value of the

VPP to the ISO in offering DSM.

4.6.4 Battery SOC Problem Formulation
This is when the VPP optimisation problem is formulated to consider the battery SOC.
Prosumers may want their battery to have some amount of stored energy at the end
of their participation in the aggregation market under a DSM. This stored energy
represents the prosumers unused energy for DSM. This energy is a saving in terms of
money as well as an asset to the prosumer. This is because it can be sold in future
markets by the prosumers to earn more incentive. The value for the stored energy in
terms of cash to the prosumer is formulated based on the average sell price of energy
by the prosumers. The average sell price of energy by the prosumers is the
summation of the prosumer sell price of energy at the time interval t over T divided
by T. In order to ensure higher SOC for the prosumer battery after DSM, the
prosumers net saving is formulated. The problem formulation for maximisation of
the prosumer net saving is derived from (4.8). This is presented as follows.
𝑇
𝑠𝑒𝑙𝑙
∑𝑁
. 𝐸𝑖𝑏𝑎𝑡𝑡 (𝑆𝑂𝐶𝑖,𝑡 − 𝑆𝑂𝐶𝑖𝑛𝑖𝑡,𝑖 )
𝑖=1 ∑𝑡=1 𝛽𝑡
[𝑀𝑎𝑥]𝐹4 =
100𝑇
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(4.23)

F4 is the prosumers net savings that are to be maximise. This is subject to the
constraints in (4.9), (4.10), (4.11), (4.12), and (4.15). This net saving is the difference
between the prosumers initial savings and the final savings at the end of t=T. From
(4.23), maximisation of F4 would lead to higher SOC for the prosumers at the end of
t=T. This would prevent high DOD, which reduces battery life. The initial and the final
savings of the prosumers as well as the average sell price of energy by the prosumers
are presented in (4.24), (4.25), and (4.26) respectively.
𝑁
𝑠𝑎𝑣𝑒
∑ 𝑃𝑖𝑛𝑖𝑡,𝑖
𝑖=1

𝑇
𝑠𝑒𝑙𝑙
∑𝑁
. 𝐸𝑖𝑏𝑎𝑡𝑡 . 𝑆𝑂𝐶𝑖𝑛𝑖𝑡,𝑖
𝑖=1 ∑𝑡=1 𝛽𝑡
=
100𝑇

𝑁
𝑠𝑎𝑣𝑒
∑ 𝑃𝑓𝑖𝑛𝑎𝑙,𝑖
𝑖=1

𝑇
𝑠𝑒𝑙𝑙
∑𝑁
. 𝐸𝑖𝑏𝑎𝑡𝑡 . 𝑆𝑂𝐶𝑖,𝑡
𝑖=1 ∑𝑡=1 𝛽𝑡
=
100𝑇

𝑠𝑒𝑙𝑙
𝛽𝑎𝑣𝑔
=

∑𝑇𝑡=1 𝛽𝑡𝑠𝑒𝑙𝑙
𝑇

(4.24)

(4.25)

(4.26)

𝑠𝑎𝑣𝑒
𝑠𝑎𝑣𝑒
𝑃𝑖𝑛𝑖𝑡,𝑖
and 𝑃𝑓𝑖𝑛𝑎𝑙,𝑖
are the initial and final savings of prosumer i respectively at the
𝑠𝑒𝑙𝑙
time interval t. 𝛽𝑎𝑣𝑔
is the average sell price of energy by the prosumers.

4.6.5 VPP Stakeholders Social Welfare Problem Formulation
In the VPP operation, VPP stakeholders’ social welfare (SSW) are rewards that are
given to the VPP stakeholders to promote their wellbeing during DSM. In order to
formulate the VPP SSW, all the objectives of the VPP stakeholders with respect to
participating in the market for DSM is considered. For example, the prosumer seeks
to minimise its net cost of energy F2 (4.21) as well as to maximise net savings F4
(4.23). The VPP aggregator seeks to maximise its profit F1 (4.20). The ISO seeks to
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maximise its cost savings F3 (4.22). Combining each of the stakeholder objectives,
the VPP SSW is formulated as follows.
𝑇

(4.27)

[𝑀𝑎𝑥]𝐹 = ∑(𝑊1. 𝐹1𝑡 − 𝑊2. 𝐹2𝑡 + 𝑊3. 𝐹3𝑡 + 𝑊4. 𝐹4𝑡 )
𝑡=1

F is the VPP stakeholder’s social welfare that is to be maximised. This is subject to the
constraints in (4.9), (4.10), (4.11), (4.12), and (4.15). W1, W2, W3, and W4, are the
weightings.

4.7 Genetic Algorithm Optimisation
The different optimisation techniques and their applications in scheduling in VPP
have been covered in section 3.5.3 and 3.12.1. In this work, a GA is used to solve the
formulated optimisation problems. GA is a search and optimisation technique that is
based on “Darwin’s” theory of evolution. It was developed by John Holland due to
the inefficiency of traditional techniques in solving complex nature optimisation
problem [248, 256]. It is characterised by natural selection and survival of the fittest
[256]. Before implementing GA, an objective function together with its constraints is
first formulated. The process of implementing a GA begins with initialization, which
involves the initial creation of candidate solutions to the objective function base on
the constraints. The initial candidate solutions are known as parents. After the
initialisation process, the fitness value of each candidate solution is evaluated. The
fitness value is calculated using the objective function. Selection and elitism are then
used to select the fittest candidate solutions and to replace candidate solutions with
low fitness value. After selection and elitism, the candidate solutions are then paired
for the reproduction of new candidate solutions. This is through swapping of genes
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by a process called crossover. After crossover, the mutation is then applied to ensure
candidate solutions provides a global optimum result to the objective function. The
whole process is repeated until the candidate solutions converge. Figure 4-8 is a
flowchart showing a general framework of how GA was implemented in this work.

Figure 4-8: GA flow chart.

4.8 Investigating VPP Operation using Developed Pricing
Based on Hypothetical Data
N was chosen to be 3, in order to simplify the problem and observe the effect, and
T was chosen to be 24 for clarity. Figure 4-9, is the normalized forecasted day ahead
hourly load profile of each prosumer for T=24.
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Figure 4-9: The forecasted day ahead hourly load profile of each prosumer.
The data in Figure 4-9 were obtained from Xcel Energy [257] and were used in this
scenario. They were specifically chosen due to the varied profiles which could be
representative of a community. In the future, it is proposed that more representative
data be used such as typical single homes, couples, married with children, and
retiree. The normalization was done by dividing the load profile by the maximum
load. In Figure 4-9 each of the prosumers has a different hourly load profile with
prosumer 1 having a significant peak time operation. The load profile was assumed
fixed as load scheduling was considered beyond the scope of this thesis. The pricing
strategy developed in section 4.5 is also used as one of the input data. The
experiments were carried out in six different scenarios using GA. This was done by
varying the optimisation functions, pricing regimes, battery SOCs, depreciation cost
and efficiency of conversion. This is provided in Table 2-1.
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Table 4-2: The different scenarios investigated.
Scenario

Objective

Description

Function
1a

F1

2a

F2

3a

F2

4a

F3

5a

F

6a

F

The optimisation is based on the VPP aggregator’s profit
maximisation using percentage-based pricing, PPS, MPS, and APS
respectively in order to measure the effect of this on the VPP SSW.
The optimisation is based on the prosumers’ net cost minimisation
using PPS, MPS, and APS respectively in order to measure the effect
of this on the VPP SSW.
The optimisation is based on the prosumers’ net cost minimisation
using MPS and different initial SOCs in order to compare and contrast
both the VPP’s business case and its technical case.
The optimisation is based on the VPP CPI maximisation using MPS and
APS in order to measure the effect of this on the VPP SSW.
The optimisation is based on the VPP SSW maximisation using MPS
and APS in order to measure the effect of this on the VPP SSW.
The optimisation is based on the VPP SSW maximisation using MPS
and also accounting for the battery depreciation cost in order to
measure the effect of this on the VPP SSW.

More clarity on each of the different scenario together with the parameters and the
GA pseudo code used are further set out in the following subsections.

4.8.1 Scenario 1a
In scenario 1a, the optimisation problem is the maximisation of the VPP aggregator’s
profit F1 which was formulated in (4.20). The parameters used in the simulation are
presented in Table 4-3, as follows.
Table 4-3: Simulation parameters for scenario 1a.
Parameters
𝐷𝑒𝑝 𝑐𝑜𝑠𝑡
𝐸𝑖𝑏𝑎𝑡𝑡
𝐸𝑖𝑖𝑛𝑖𝑡
𝑐ℎ𝑔
𝐸𝑚𝑎𝑥,𝑖
𝑑𝑖𝑠
𝐸𝑚𝑎𝑥,𝑖

Specifications
0 pence/per unit
24 per unit
12 per unit
1 per unit
1 per unit
0 per unit

𝑐ℎ𝑔
𝐸𝑚𝑖𝑛,𝑖
𝑑𝑖𝑠
𝐸𝑚𝑖𝑛,𝑖
𝑆𝑂𝐶𝑖𝑖𝑛𝑖𝑡
𝑐𝑜𝑛𝑣

0 per unit
50%
1

𝜂
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𝐸𝑖𝑏𝑎𝑡𝑡 was selected based on meeting the peak load of prosumer 1, for T. This is to
allow prosumer 1, to have extra energy that can be exported to the grid and to get
incentive. 𝐸𝑖𝑖𝑛𝑖𝑡 and an initial SOC of 50% was selected in order to prevent the
batteries from having an initial high DOD. The Peukert condition of battery storage
was not considered. The scenario is started with the pricing based on the percentage
in Figure 4-6, and then the PPS, MPS and the APS respectively in Figure 4-7. These
prices are given in DA. Given the prosumers’ DA load profile, the parameters, and
prices respectively, the GA is used to optimise the energy transaction of the VPP with
respect to maximising profit for the VPP aggregator. The decision variable used by
the GA is the charge and discharge energy from the prosumers’ batteries. To
implement GA, an initial population of one thousand chromosomes was randomly
generated considering battery constraints. These chromosomes represent the initial
candidate solutions to the optimisation problem F1. Each chromosome is composed
of three (N) genes. Each gene represents the charge/discharge energy variable from
each of the prosumers’ batteries respectively. Each gene is composed of 24 DNA
which represents the prosumers’ battery charge/discharge energy at each time
interval of t (an hour) over the day’s total number of time interval T (24 hours). The
chromosome is presented in Figure 4-10, as follows.
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Figure 4-10: Chromosome.

The fitness function (F1 in (4.20)) was used to calculate the fitness value of each
chromosome. Selection based on fitness value was used to eliminate half of the
chromosome population that has the least fitness value. The eliminated candidate
solutions are replaced with the candidate solutions with high fitness value. Random
crossover points and random pairs were used to generate a new population. The
mutation is then applied to some of the new population. The cycle is then repeated
in order to reach an optimum solution. The pseudocode for scenario 1a is presented
in Table 4-4, and the results are presented in section 4.9.
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Table 4-4: Pseudo code for scenario 1a.
1: //initialization;
2: for J = 1000; (number of candidate solution)
3: for N = 3; (number of prosumers in the community)
4: for T = 24; (hourly discharge/charge energy)
𝑐𝑑
𝑐𝑑
5: Randomly generate 𝐸𝑇𝑁𝐽
: − 1 ≤ 𝐸𝑇𝑁𝐽
≤1
6: end for
7: end for
8: end for
9: Counter = 0; (Initialize counter)
10: while (counter < 500); (500 number of generation)
11: Scale𝐸𝑐𝑑 𝑇𝑁𝐽 to satisfy constraints
12: Calculate fitness 𝐹1 𝑇𝑁 ; ∀𝐽
13: Calculate the sum of fitness 𝑆1 = ∑𝑇 ∑𝑁 𝐹1 𝑇𝑁 ; ∀𝐽
14: Sort out S1 in ascending order of fitness ∀𝐽
𝐽
𝐽
15: Replace 1: of S1 with : 𝐽 of S1 (i.e. Replacing poor candidate solutions)
2
2
16: Randomly pair candidate solution for mating
17: Randomly select crossover points
18: Swap genes between pair
19: Apply mutation
20: Update candidate solution
21: end while

𝑐𝑑
𝐸𝑇𝑁𝐽
is a 3-dimensional matrix that has an order of T by N by J (24X3X1000), that

consist of both the charge and discharge energy. It was randomly generated to
contain values between the range of -1 and 1. The negative values represent battery
discharge energy. The absolute values of the negative values were used in the
computation as the discharge energy. The positive values represent the charge
energy. This was done in order to be able to identify both the charge and discharge
energy.

4.8.2 Scenario 2a
In scenario 2a, the optimisation problem is the minimisation of the prosumers’ net
cost F2 which was formulated in (4.21). The parameters used in scenario 2a is the
same as that of scenario 1a. The scenario made use of the PPS, MPS and the APS as
given in Figure 4-7. The pricing based on percentage was not used as it was
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considered unrealistic due to the batteries charging and discharging arbitrarily. More
clarity on this is provided in section 4.9.1. GA is implemented the same way as in
scenario 1a, but minimisation of F2 is what is accounted for. The results are
presented in section 4.10.

4.8.3 Scenario 3a
The objective function in scenario 3a is the same as that of scenario 2a, the
parameters used is the same as that of the previous set-ups except that the scenario
was carried under different 𝑆𝑂𝐶𝑖𝑖𝑛𝑖𝑡 using the MPS. This is to further understand the
role of CPI. The 𝑆𝑂𝐶𝑖𝑖𝑛𝑖𝑡 used in the scenario include; 20%, 30%, 40%, 50%, 60%, 70%,
and 80%. The GA is implemented the same way as scenario 2a. The results are
presented in section 4.11.

4.8.4 Scenario 4a
Scenario 4a involved optimising strictly for the grid’s requirements for DSM. That is
in terms of maximisation of the CPI. This is obtained from F3 in (4.22). The parameters
used in scenario 4a is the same as that of scenario 1a. The scenario made use of the
MPS and the APS in Figure 4-7. GA is implemented the same way as in scenario 1a
but maximisation of F3 is what is accounted for. The results are presented in section
4.12.

4.8.5 Scenario 5a
Scenario 5a involved optimising for the VPP stakeholders’ social welfare F which
combines the various objectives of the VPP stakeholders during DSM. This is equation
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(4.27). The parameters used in scenario 5a are the same as that of scenario 1a. The
scenario made use of the MPS and the APS in Figure 4-7. The weightings W1, W2,
W3, and W4 are chosen to be 0.25 respectively (i.e. the same weightings, such that:
W1 + W2 + W3 + W4 = 1). To be able to compare the results to the previous scenarios,
the GA is implemented in the same way as scenario 1a but maximisation of F is what
is accounted for. The results are presented in section 4.13.

4.8.6 Scenario 6a
The objective function in scenario 6a is the same as that of scenario 5a (i.e. F). Unlike
scenario 5a, battery depreciation cost 𝐷𝑒𝑝𝑐𝑜𝑠𝑡 has been accounted for. The
converter’s efficiency 𝜂𝑐𝑜𝑛𝑣 was set to be 0.96, since state of the art commercially
available converter has an efficiency that varies between 0.92 to 0.98 [169, 258].
𝐷𝑒𝑝𝑐𝑜𝑠𝑡 from (4.20) (section 4.6.1) is formulated based on the average sell price of
𝑠𝑒𝑙𝑙
energy for the prosumers 𝛽𝑎𝑣𝑔
in (4.26) (section 4.6.4). This is because of battery

depreciation which occurs during discharge when the prosumers are selling energy
to the VPP aggregator. 𝐷𝑒𝑝𝑐𝑜𝑠𝑡 is presented as follows:
𝑠𝑒𝑙𝑙
𝐷𝑒𝑝𝑐𝑜𝑠𝑡 = Ω. 𝛽𝑎𝑣𝑔

(4.28)

Ω is the depreciation cost factor. It represents the percentage of the average sell
price of energy for the prosumers that is allocated as the battery depreciation cost.
Ω is chosen to be 0, 0.1, 0.2, 0.4, 0.8 respectively. Ω is initially set at 0 (i.e. no
depreciation cost) in order to first understand the impact of 𝜂𝑐𝑜𝑛𝑣 on the VPP before
accounting for the depreciation cost. The other parameters, as well as the weightings
and the GA implementation, are the same as that of scenario 5a. The scenario made
use of the MPS in Figure 4-7. The results are presented in section 4.14.
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4.9 Scenario 1a Results, Discussions and Deductions
The results, discussions, and deductions made for optimising strictly in terms of
maximising profit F1 for the VPP aggregator with different pricing are presented as
follows.

4.9.1 Under Percentage-based pricing
Using the pricing based on the percentage in Figure 4-6, the cumulative profit of the
VPP aggregator is presented in Figure 4-11.

Figure 4-11: Cumulative profit of VPP aggregator with percentage-based pricing.
In Figure 4-11, the VPP aggregator makes a profit (68 pence) at the end of
participation in the market with respect to providing DSM. Figure 4-12, is the
cumulative incentive for the prosumers.
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Figure 4-12: Cumulative Incentives of prosumers under percentage-based pricing.
In Figure 4-12, the prosumers’ incentive is less than zero (-156 pence). The VPP
aggregator is making a profit at the expense of the prosumer because the objective
function favours the VPP aggregator. The prosumers’ high net cost is because the
prosumers are not getting incentives from participating in the power market. While
the percentage-based pricing favours the VPP aggregator in terms of profit, it does
not favour the prosumers in terms of incentives. To further understand this problem,
the battery charging profile of each prosumer is presented in Figure 4-13.

Figure 4-13: Battery charging profile with percentage-based pricing.
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In Figure 4-13, the area above zero represents the battery charging pattern. The area
below zero represents the discharging pattern. The batteries are mainly charging,
with few discharging operations occurring. An observation of the charging and
discharging pattern with respect to the peaks and off-peak of the percentage-based
pricing in Figure 4-6 implies that this charging and discharging pattern is erratic. This
is because the batteries are meant to discharge during peaks to support the grid and
are to charge during off-peak. This is a requirement from the battery during
arbitrage. As a result, the percentage-based pricing for VPP operation with EES with
respect to DSM was identified to be unrealistic.

4.9.2 Under PPS, MPS, and APS
Using the PPS, MPS, and APS, the cumulative profit of the VPP aggregator is
presented in Figure 4-14.

Figure 4-14: Cumulative profit of VPP aggregator (under PPS, MPS, and APS).
In Figure 4-14, with PPS, the VPP aggregator makes a profit (83 pence) at the end of
participation in the market with respect to providing DSM. With MPS, it is seen the
VPP aggregator makes a cumulative profit of 129 pence. The cumulative profit of the
VPP aggregator is higher for the MPS compared to the PPS in Figure 4-14. In Figure
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4-14, with APS, the aggregator makes a cumulative profit of 109 pence. The
cumulative profit of the VPP aggregator is lower than obtained from the MPS.
Figure 4-15, is the cumulative incentive for the prosumers with PPS, MPS, and APS.

Figure 4-15: Cumulative Incentives of prosumers (under PPS, MPS, and APS).
In Figure 4-15, with PPS, the prosumers’ incentive is less than zero (-135 pence). This
implies a high net cost as well as an extra cost to the prosumers for using battery
storage to participate in the market. The VPP aggregator is making a profit at the
expense of the prosumer because of the objective function which favours the VPP
aggregator. The prosumers’ high net cost is because the prosumers are not getting
incentives from participating in the power market. While the PPS favours the VPP in
terms of profit, it does not favour the prosumers in terms of incentives. In Figure 4-15,
with MPS the prosumers got a cumulative incentive of about 127 pence. This is unlike
what was obtained with PPS. This shows the prosumers are getting a financial reward
for having EES in their houses. Also, the MPS provides a better financial reward to
both the VPP aggregator and the prosumers. In Figure 4-15, with APS, the prosumers
are getting a financial incentive (56 pence) for using battery storage to offer DSM in
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the power market. However, this is lower and is in sharp contrast to what was
obtained with MPS.

4.9.3 Evaluating the Battery Charging Profile, SOC, and Energy
Exchange
Figure 4-16 is the battery charging profile of each prosumer with PPS.

Figure 4-16: Battery charging profile (under PPS).
The area above zero in Figure 4-16, represents the battery charging profile. The
prosumers’ batteries are discharging during the off-peak period and are charging
during peak period. This is not good for the prosumer who is not getting the
incentive, and also for the grid who is not getting the required support from the VPP
in terms of its requirements for DSM. This will be further discussed in later part of
this section and section 4.9.4. Also, each prosumer final SOC, the VPP energy
exchange, and the technical performance of the VPP under PPS with respect to DSM
will be discussed in later part of this section and section 4.9.4.
Figure 4-17, is the battery charging profile of each prosumer with MPS.
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Figure 4-17: Battery charging profile (under MPS).
As shown in Figure 4-17, the prosumers’ batteries are discharging and charging both
in the off-peak and peak period, however, the morning off-peak period was not fully
utilised for charging of the batteries. This is attributed to the price settings of the
MPS which favours the VPP to make a profit during peak and off-peak period by
discharging the prosumers’ batteries. For example, during the off-peak period, the
price margin between the MPS sell price for the prosumers and the VPP export price
is greater than the price margin between the prosumer buy price and the VPP import
price. Therefore, since the objective function is formulated based on the VPP
aggregator’s profit, the prosumers’ batteries are discharged during the off-peak to
export energy to the grid so as to maximise profit for the VPP aggregator. The
prosumers’ batteries final SOC, the VPP energy exchange, and the technical
performance of the VPP under MPS will be discussed in later parts of this section and
section 4.9.4.
Figure 4-18, is the battery charging profile of each prosumer with APS.
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Figure 4-18: Battery charging profile (under APS).
In Figure 4-18 the prosumers’ batteries are actually charging during the off-peak
period. Also, the batteries are discharging during the peak period, except for the
battery of prosumer 1 which is not discharging (charging) during the night peak
period. This is attributed to the high load demand of prosumer 1 in the peak period
which is close to its battery discharge maximum limit as well as to the settings of
prosumers’ buy and sell price of energy. The battery maximum discharge limit would
allow only a very small proportion of discharge energy to be available for export,
which is a loss to the VPP because the profit made by the VPP aggregator is offset by
the loss made by selling energy back to prosumer 1 at a price lower than it buys from
the prosumer. Therefore, because the objective function favours the VPP aggregator
to make a profit, it would avoid discharging the battery of prosumer 1.
Figure 4-19, shows the comparison of each prosumers’ battery final SOC with PPS,
MPS, and APS.
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Figure 4-19: Battery final SOC (under PPS, MPS, and APS).
The battery final SOC is the battery SOC after participation in the day-ahead market.
With PPS, the battery final SOC is 43%, 46%, and 47% for prosumer 1, 2, and 3
respectively. This may not be bad for the prosumer battery in terms of degradation
effect. With MPS the battery final SOC is 13%, 0% and 0% for prosumer 1, 2, and 3,
respectively. This may not be good for the battery as it is not supposed to discharge
that low. For example, the lead-acid battery can only have a DOD of 80% (or a state
of charge of 20%). With APS the battery final SOC is 73%, 41% and 39% for prosumer
1, 2, and 3, respectively. On average, the APS offers a better final SOC compared to
the PPS and the MPS.
Figure 4-20, shows the comparison of the energy exchange between the community
VPP and the grid, with PPS, MPS, and APS.
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Figure 4-20: Energy exchange (under PPS, MPS, and APS).
In Figure 4-20 the area above the reference represents the imported energy, and the
area below represents the export energy. With PPS, energy is exported to the grid
during the off-peak period (VPP dynamic load is reduced). Also, energy is imported
from the grid during the peak period. This is not good for the grid in terms of DSM
from the VPP. This is attributed to the battery charge and discharge energy occurring
at the wrong times. The prosumers’ batteries are discharging at the off-peak period
because of the price margin setting. From the PPS setting in Figure 4-7, during the
early morning off-peak, the prosumer sell price (i.e. PPS sell price) is lower than the
VPP export price. The prosumer buy price is higher than the VPP import price. But
because the former has a higher margin compared to the later, the algorithm would
allow the VPP to discharge its prosumer battery for export of energy just to meet its
objective of maximising profit. The prosumers’ batteries are charging in the peak
period because of the price margin setting. As it is noticed from the PPS settings
during peak hours, the prosumer sell price is higher than the prosumer buy price but
the prosumer sell price is lower than the VPP export price. The margin of the former
is higher than the later. This prevents the VPP from exporting energy to the grid
133

during the peak period as the VPP aggregator would operate at a loss due to the
energy bought from the VPP aggregator for meeting the prosumers’ fixed load
however, it allows import because it is most profitable.
With MPS, energy was exported to the grid during the early morning off-peak period.
Also, energy was exported to the grid during the morning peak period. As earlier
discussed, the price settings for the morning peak and off-peak favours the VPP to
export energy to the grid during the early morning off-peak, as well as the morning
peak. In the mid-day off-peak period (i.e. from the 11th to 16th-time interval), energy
is imported from the grid, which is good for the grid in terms of balancing. This is an
improvement compared to what was obtained from PPS. However, energy is still
imported from the grid during the night peak period. This import is attributed to the
prosumers’ high load demand in that period, and the battery maximum discharge
constraint (limit), as well as the price settings. During the night peak period, (as
earlier shown in Figure 4-9) the aggregate load demand of the prosumers was at its
highest, reaching a maximum of approximately 2.1 per unit. Considering the battery
maximum discharge limit, the peak load at night would allow only a small proportion
of the discharge energy to be available to the VPP for export, while the remaining
proportion would be used for meeting the prosumers’ load demand within the
community, and because the pricing scheme at night (particularly between at 17th to
the 20th time interval) allows the prosumer to buy energy at a price much lower than
its sell price, a high load demand would mean the VPP would be operating at a loss,
as the profit made from the export energy would not be enough to offset the losses.
This is the reason the VPP is importing energy in the night peak period.
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With APS, energy is also exported to the grid during the morning peak period. During
the night peak period energy is exported to the grid within the 17 th and 18th time
interval. However, energy is also imported afterward. This is because the battery of
prosumer 1 not discharging but charging in that period due to the reason discussed
earlier. Overall, APS offers a better energy exchange than PPS or MPS.

4.9.4 Evaluating VPP Performance
Using the CPI developed, Figure 4-21 shows the comparison of the VPP technical
performance in terms of DSM with PPS, MPS, and APS.

Figure 4-21: Cumulative performance of the VPP (under PPS, MPS, and APS).
Figure 4-21 shows the comparison of the VPP cumulative performance with PPS,
MPS, and APS. With PPS, the VPP cumulative performance at the end of the market
is very low. It is 16.7%. It is at 0% within the first 10 hours’ time interval. This is not
good for the grid because the grid is not getting its required off-peak and peak service
for balancing. With MPS, the cumulative performance of the VPP is 45.8%. This is
better than what was obtained from the PPS. This shows that the energy balancing
need of the grid is being meant to some extent by the VPP. The cumulative
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performance of the VPP from the first to the fourth-time interval was at 0%. With
APS, the cumulative performance of the VPP is 66.7%. This is higher than was
obtained from the PPS and MPS. It is possible that the APS performance could be
further improved if the battery discharge limit were increased.

4.9.5 Conclusions
From scenario 1a, it has been demonstrated that an optimisation algorithm for VPP
aggregator’s business case would always optimise to meet its objective based on the
given price settings. Also, it is possible to have a good pricing regime particularly at
the aggregation market that incentivize both the VPP aggregator and the prosumers
as well as meet the grid requirements for dynamic load levelling while meeting the
VPP aggregator’s objective of profit maximisation. This was demonstrated by the
different prosumer selling price (i.e. PPS sell, MPS sell, and APS sell) used in PPS, MPS,
and APS respectively. Whilst the VPP participate in the power market to get business
incentives, it is critical to understand that the best pricing regime in terms of business
incentives may not necessarily mean the best pricing regime for VPP technical
performance in terms of DSM or vice versa. The CPI developed together with the
pricing regimes helps understand this. To understand the effect of pricing on the VPP
technical performance and business incentive, a comparison of pricing is made in
Table 4-5.
Table 4-5: Scenario 1a, effect of pricing on VPP business incentives and technical
performance.
Pricing Scheme
PPS
MPS
APS

VPP Aggregator’s
Profit (Pence)
83
129
109

Prosumers’ Incentive
(Pence)
-135
127
56
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VPP Cumulative
Performance (%)
16.7
45.8
66.7

In Table 4-5, it is shown that MPS offers the best business incentives and not the best
technical performance in terms of DSM, while APS offers the best technical
performance in terms of DSM and not the best business incentives. These factors
should be considered by electric utility operators in setting up of VPP.

4.10 Scenario 2a Results, Discussions and Deductions
The results, discussions, and deductions made for optimising strictly in terms of
minimising the prosumers’ net cost F2 with different pricing are presented as follows.

4.10.1 Under PPS, MPS, and APS
With PPS, MPS, and APS, the cumulative profit of the VPP aggregator is as in Figure
4-22.

Figure 4-22: Cumulative profit of VPP aggregator (under PPS, MPS, and APS).
In Figure 4-22 with PPS, the VPP aggregator’s profit is less than zero (-31 pence) at
the end of participation in the market with respect to providing DSM. This implies a
loss to the VPP aggregator. In Figure 4-22, with MPS, the VPP aggregator makes a
cumulative profit of 88 pence. The cumulative profit of the VPP aggregator is higher
for MPS compared to PPS where the VPP aggregator was operating at a loss. In Figure
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4-22, with APS, the VPP aggregator makes a cumulative profit of 62 pence. The
cumulative profit of the VPP aggregator is lower when compared to what was
obtained with MPS.
Figure 4-23, is the cumulative incentive for the prosumers with PPS, MPS, and APS.

Figure 4-23: Cumulative Incentives of prosumers (under PPS, MPS, and APS).
As shown with PPS in Figure 4-23, the prosumers get an incentive of approximately
348 pence. This is unlike scenario 1a with PPS where the prosumers were subjected
to extra cost thereby having a negative incentive (-138 pence). While the PPS in
scenario 2a favours the prosumers in terms of incentives, it does not favour the VPP
aggregator in terms of profit. The VPP aggregator is operating at a loss because with
PPS the price margin between the prosumer sell price and buy price during peak is
higher than the price margin between the prosumer sell price and VPP export price.
Also, this is attributed to the objective function which favours the prosumers. In
Figure 4-23, with MPS, the prosumers got a cumulative incentive of about 227 pence.
This is lower compared to what was obtained from the PPS. Though the objective
function is the minimisation of the prosumer net cost, the MPS favours both the
prosumer and the VPP aggregator. This is unlike PPS. In Figure 4-23, with APS, the
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prosumers are getting a financial incentive (237 pence) for using battery storage to
offer DSM in the power market. However, this is lower than what was obtained with
PPS and slightly higher compared to what was obtained from MPS.

4.10.1 Evaluating the Battery Charging Profile, SOC, and Energy
Exchange
Figure 4-24, is the battery charging profile of each prosumer with PPS.

Figure 4-24: Battery charging profile (under PPS).
In Figure 4-24 the batteries are discharging heavily during the peak period, however,
the off-peak period is not fully utilised for charging the prosumer battery. Each
prosumer final SOC, the VPP energy exchange, and the technical performance of the
VPP under PPS with respect to DSM will be discussed in the later part of section 4.10.1
and section 4.10.2.
Figure 4-25 is the battery charging of each prosumer with MPS.
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Figure 4-25: Battery charging profile (under MPS).
In Figure 4-25 the off-peak period is still not fully utilised for charging of the
prosumers’ batteries. More clarity on this will be provided in the later part of section
4.10.1. Also, the prosumers’ batteries final SOC, the VPP energy exchange, and the
technical performance of the VPP under MPS will be discussed in the later part of
section 4.10.1 and section and 4.10.2.
Figure 4-26, is the battery charging profile of each prosumer with APS.

Figure 4-26: Battery charging profile (under APS).
In Figure 4-26 the off-peak period is not fully utilised for charging the prosumers’
batteries. This is similar to what was obtained with PPS and MPS in Figure 4-24 and
Figure 4-25 respectively.
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Figure 4-27 shows the comparison of each prosumer battery final SOC with PPS, MPS,
and APS.

Figure 4-27: Battery final SOC (under PPS, MPS, and APS).
With PPS, MPS, and APS, the final SOC of each prosumer battery is 0%. This may not
be good for the battery as the battery is not supposed to discharge that low. For
example, lead-acid batteries and Nickel Metal Hydride batteries can only cope with
a DOD of 80% (or a state of charge of 20%). One conclusion drawn from this study is
that optimising for a VPP business case particularly for prosumers without accounting
for a battery SOC could result in damaging batteries. This is because under such an
objective the algorithm would only allow the prosumers’ batteries to store the
energy it/they can sell over the duration of the market.
Figure 4-28 shows the comparison of the energy exchange between the community
VPP and the grid, with PPS, MPS, and APS.

141

Figure 4-28: Energy exchange (under PPS, MPS, and APS).
In Figure 4-28 with PPS, MPS, and APS, it is observed that energy is exported to the
grid during peak hours. This is good for the grid, as it requires support during the
peak hours. Also, energy is imported from the grid in the off-peak period. However,
the energy imported from the grid is mainly used in meeting the prosumer load
demand, and not for charging the battery. This is an issue, as prosumers’ batteries
are supposed to charge during the off-peak period. This issue could be likely
attributed to two factors, which are the battery initial SOC, and the cost implication
of charging the prosumer battery. The algorithm would have realized that with the
battery initial energy level (state of charge) and its discharge constraint, it already
has enough stored energy to sell energy during peak hours to minimise the prosumer
net cost. As charging the battery during off-peak would add additional cost to the
prosumer, therefore the algorithm would avoid charging the prosumer battery. In
terms of energy exchange pattern, both the PPS and the MPS showed better energy
exchange patterns compared to the APS with respect to the grid’s requirements for
DSM. More clarity on this is provided in the next subsection.
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4.10.2 Evaluating VPP Performance
Using the CPI developed, Figure 4-29, shows the comparison of the VPP technical
performance in terms of DSM with PPS, MPS, and APS.

Figure 4-29: Cumulative performance of the VPP (under PPS, MPS, and APS).
In Figure 4-29, with PPS and MPS, the VPP cumulative performance at the end of the
market is 87.5% respectively. With APS the cumulative performance of the VPP is
79.2%. From the grid’s perspective, both the PPS and MPS are better compared to
APS in terms of DSM when the VPP objective function is formulated to minimise the
prosumers’ net cost.

4.10.3 Deductions
Similar to scenario 1a, scenario 2a has also demonstrated that an optimisation
algorithm for a VPP business case would always optimise based on the given price
settings. This is clearly demonstrated by the different pricing regimes (PPS, MPS, and
APS). Under a bidirectional flow of energy between the prosumers and the grid
where the VPP acts as an intermediary, the price margin that exists in terms of the
business transaction among these stakeholders is critical to their benefits during
battery arbitrage. Whilst VPP is set up to minimise the prosumers’ net cost it is
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possible to have a pricing regime that satisfies all stakeholders’ objectives. MPS and
APS clearly demonstrate this as shown in Table 4-6, as follows.
Table 4-6: Scenario 2a, effect of pricing on VPP business incentives and technical
performance.
Pricing Scheme
PPS
MPS
APS

VPP Aggregator’s
Profit (Pence)
-31
88
62

Prosumers’ Incentive
(Pence)
348
227
237

VPP Cumulative
Performance (%)
87.5
87.5
79.2

In Table 4-6 the prosumers and the grid are better off with PPS. However, the VPP
aggregator is worse off with PPS. This shows that an economic model for the setting
of prices among VPP stakeholders should consider the price margin when setting
prices. Also, battery SOC still needs to be accounted for.

4.11 Scenario 3a Results, Discussions and Deductions
The results, discussions, and deductions made for optimising strictly in terms of
minimising the prosumers’ net cost F2 using MPS with different initial battery SOC
are presented as follows.

4.11.1 VPP Performance Evaluation
The VPP profit, prosumers’ incentive, and the CPI was evaluated at different initial
SOCs. It was decided to start the optimisation with an initial SOC of 20% because
ideally, some batteries cannot cope with a high level of DOD. For example, deep cycle
lead-acid batteries can only cope with a maximum DOD of 80% (SOC 20%) [259]. The
initial SOCs used for the scenario include; 20%, 30%, 40%, 50%, 60%, 70%, and 80%.
The effect of initial SOC on VPP CPI is presented in Figure 4-30.
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Figure 4-30: Impact of initial SOC on the CPI of VPP.
Figure 4-30 shows the impact of the initial SOC on the VPP CPI. From an initial SOC of
20% to 50%, the VPP performance increases from 75% to its peak value of 88%. This
peak is maintained until an initial SOC of 60%. A reduction in VPP performance was
observed at an initial SOC of 70%. This was maintained until an initial SOC of 80%.
This reduction is attributed to the VPP inability to increase its dynamic load. From
this result, it is shown that the VPP offers the best provision of peak and off-peak
service at an initial SOC of 50% to 60%. One conclusion made from this study is that
the initial SOC of the prosumer before participation in the DA market is critical to the
performance of the VPP during DSM.

4.11.2 Prosumers’ Incentive Evaluation
Figure 4-31 shows the VPP CPI versus the prosumers’ incentives. It was observed that
initially there was a linear increase in prosumers’ incentives with respect to the VPP
performance. However, it is noticeable that the highest prosumers’ incentive (279
pence) was achieved at a VPP performance of 83%, which is not at the highest
performance.
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Figure 4-31: CPI versus Prosumers’ incentives.

4.11.3 VPP Aggregator’s Profit Evaluation
Figure 4-32 is the VPP CPI versus the VPP aggregator’s profit and is similar to Figure
4-31. The highest VPP aggregator’s profit (107 pence) was achieved at a VPP
performance of 83%. This is because the MPS accounts for the VPP aggregator
despite the objective function accounting for only the prosumers’ net cost
minimisation.

Figure 4-32: CPI versus VPP Aggregator’s Profit.
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Using CPI, we have been able to contrast the performance of the VPP operation
against the business incentives as well as technical aspects. The CPI against SOC
shows the technical aspect of the sizing of the battery because the battery has to
have a charge of around 50%. This could be extended further by looking at finer
resolutions of time, as well as other battery constraints. With respect to the business
incentives of the prosumers and the VPP aggregator, the CPI shows that the
requirements of the grid from the VPP in terms of DSM may not necessarily be met
by the pricing regime when the optimisation is based on the business case alone.
Therefore, it is possible to utilise the CPI in the optimisation function to support the
role of the grid in the VPP operation. Hence, the CPI index has been proposed as a
way of integrating the grid requirements for DSM.

4.11.4 Conclusions
Scenario 3a has shown how the CPI developed can be used to evaluate the operation
of a VPP with battery storage under a pricing scheme. Using the CPI with MPS it was
easy to understand that the CPI was best when the initial battery state of charge was
between 50-60% which has implications on battery sizing. It also showed that
prosumer benefit is not necessarily maximised when CPI is maximised. The same also
applies to VPP aggregator. In addition, it is envisaged that the CPI developed would
be a useful tool for grid operators to assess the technical performance of VPPs in
terms of grid requirement for DSM.
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4.12 Scenario 4a Results, Discussions and Deductions
The results, discussion, and deductions made for optimising strictly in terms
maximising CPI F3 for the VPP for the purpose supporting the ISO in the grid in terms
of DSM are presented next.

4.12.1 Under MPS and APS
This scenario started with MPS. This is because it was demonstrated in previous
scenarios that it is able to meet all stakeholders’ objectives to a reasonable extent
irrespective of the VPP objective compared to the PPS. Using MPS, the cumulative
profit of the VPP aggregator is presented in Figure 4-33, as follows.

Figure 4-33: Cumulative profit of VPP aggregator (MPS and APS).
In Figure 4-33 with MPS, the VPP aggregator makes a profit of approximately 72
pence at the end of participation in the market with respect to providing DSM. In
Figure 4-33, with APS, the VPP aggregator makes a cumulative profit of 47 pence. The
cumulative profit of the VPP aggregator is lower than that obtained from MPS.
Figure 4-34 is the cumulative incentive for the prosumers with MPS and the APS.
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Figure 4-34: Cumulative Incentives of prosumers (under MPS, and APS).
As shown in Figure 4-34, the prosumers get incentives of approximately 170 pence.
This clearly demonstrates that it is possible to set prices for VPP and optimise with
respect to its technical performance in terms of DSM and still get a business reward
for both VPP aggregator and the prosumers. With APS in Figure 4-34, the prosumers
are getting a financial incentive of 188 pence for using battery storage to offer DSM
in the power market. This is higher compared to what was obtained with MPS.

4.12.2 Evaluating the Battery Charging Profile, SOC, and Energy
Exchange
Figure 4-35 is the battery charging profile of each prosumer with MPS.

Figure 4-35: Battery charging profile (under MPS).
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In Figure 4-35 it is observed that the battery charge and discharge pattern with
respect to peak and off-peak period improved compared to scenario 1a and 2a. The
prosumers’ batterries final SOC, the VPP energy exchange, and the technical performance

of the VPP under MPS will be discussed in the later part of section 4.12.2 and section
4.12.3.
Figure 4-36 is the battery charging profile of each prosumer with APS.

Figure 4-36: Battery charging profile (under APS).
In Figure 4-36 the battery prosumers’ batteries are actually charging during the offpeak period and are discharging during the peak period. This is similar to Figure 4-35.
This similarity is as a result of the objective function which considered the VPP
technical performance in terms of DSM.
Figure 4-37 shows the comparison of each prosumer battery final SOC with MPS and
APS.

150

Figure 4-37: Battery final SOC (under MPS, and APS).
In Figure 4-37, with MPS, the battery final SOC is 10%, 15%, and 11% for prosumer 1,
2, and 3 respectively. The same applies to the APS. The batteries SOCs are higher
compared to those of scenario 2a because the objective function of maximising the
CPI allows the batteries to charge during the off-peak period. However, the batteries’
SOCs are still low, below 20%.
Figure 4-38 shows the comparison of the energy exchange between the community
VPP and the grid, with MPS, and APS.

Figure 4-38: Energy exchange (under MPS, and APS).
In Figure 4-38, with both MPS and APS, it is observed that the VPP energy exchange
is in accordance with the grid’s requirement for DSM. This means that energy is
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imported from the grid during off-peak hours and is exported to the grid during peak
hours. This is good for the grid, as it requires support during off-peak and peak hours.
More clarity on the VPP energy exchange with respect to the grid requirements for
DSM is provided in the next subsection, using the CPI.

4.12.3 Evaluating VPP Performance
Using the CPI developed, Figure 4-39 shows the comparison of the VPP technical
performance in terms of DSM with MPS and APS.

Figure 4-39: Cumulative performance of the VPP (under MPS, and APS).
In Figure 4-39 with MPS and the APS, the VPP cumulative performance at the end of
the market is 100% respectively. This is better than obtained in previous scenarios.
This is attributed to the objective function which considered maximisation of the CPI.

4.12.4 Conclusions
This scenario clearly demonstrates that it is possible to set prices and optimise with
respect to the grid’s requirement for DSM and still be able to get rewards for all VPP
stakeholders. However, optimising in terms of CPI does not necessarily guarantee
good battery conditions in terms of DOD. To understand the effect of pricing on the
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VPP technical performance and business incentive, a comparison of the pricing is
made in Table 4-5.
Table 4-7: Scenario 4a, effect of pricing on VPP business incentives and technical
performance.
Pricing Scheme
MPS
APS

VPP Aggregator’s
Profit (Pence)
72
47

Prosumers’ Incentive
(Pence)
170
188

VPP Cumulative
Performance (%)
100.0
100.0

In Table 4-7 both MPS and APS are adequate for the grid in terms of its requirement
from the VPP for DSM. This is attributed to the objective function which is formulated
to maximise the CPI. However, the VPP aggregator is better off with MPS compared
to APS, while the prosumers are better off with APS compared to MPS. This further
demonstrates that when VPP is scheduling its DER to meet its objective under a
bidirectional flow of energy, a pricing strategy that is favourable to one stakeholder
is achieved at the expense of another stakeholder.

4.13 Scenario 5a Results, Discussions and Deductions
The results, discussions, and deductions made for optimising in terms of the SSW F
are presented as follows.

4.13.1 Scenario 5a under MPS and APS
Using the MPS, the cumulative profit of the VPP aggregator is presented in Figure
4-40.
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Figure 4-40: Cumulative profit of VPP aggregator (under MPS, and APS).
In Figure 4-40, with MPS, the VPP aggregator makes a profit of approximately 102
pence at the end of participation in the market with respect to providing DSM.
Although this is lower compared to what was obtained in scenario 1a with MPS
where the optimisation strictly considered the VPP aggregator’s profit, however, it is
higher compared to what was obtained with MPS in scenario 2a and scenario 4a
where the optimisation strictly considered the prosumers’ net cost and the VPP CPI
respectively. In Figure 4-40, with APS, the VPP aggregator makes a cumulative profit
of 94 pence. The cumulative profit of the VPP aggregator is lower when compared to
what was obtained from the MPS. Also, it is lower compared to what was obtained
in scenario 1a with APS where the optimisation strictly considered the VPP
aggregator’s profit, however, it is higher compared to what was obtained with APS
in scenario 2a and scenario 4a where the optimisation strictly considered the
prosumers’ net cost and the VPP CPI respectively. One conclusion drawn from this
study is that the VPP aggregator gets a higher profit under an objective function that
considers the VPP SSW compared to an objective function that strictly considers
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either the prosumers’ business case in terms of net cost or the grid case in terms of
CPI for DSM.
Figure 4-41 is the cumulative incentive for the prosumers with MPS and the APS.

Figure 4-41: Cumulative Incentives of prosumers (under MPS, and APS).
As shown in Figure 4-41, with MPS, the prosumers get incentives of approximately
125 pence. The prosumers’ incentive is lower than what was obtained with MPS in
scenario 2a. This is expected because scenario 2a optimisation was done strictly on
the prosumers’ net cost minimisation. However, unlike the VPP aggregator’s profit
with MPS in scenario 5a, the prosumers’ incentives are also lower than what was
obtained with MPS in scenario 1a and IV where the optimisation strictly considered
the VPP aggregator’s profit and the VPP CPI respectively. This is attributed to the
prosumers’ final savings which are a function of their final SOC which was integrated
as part of the VPP SSW formulation. This allows the prosumers to have some saved
money in the form of stored energy in their batteries.
With APS in Figure 4-41, the prosumers are getting a financial incentive of 77 pence
for using battery storage to offer DSM in the power market.
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4.13.2 Evaluating the Battery charging Profile, SOC, and Energy
Exchange
Figure 4-42, is the battery charging profile of each prosumer with MPS

Figure 4-42: Battery charging profile (under MPS).
In Figure 4-42, it is observed that during off-peak the batteries are charging with high
current compared to scenario 1a, 2a, and 4a with MPS. This is attributed to the
battery SOC was integrated as part of the problem formulation in the form of the
prosumers’ final savings. This allows the VPP to fully maximise the off-peak period to
charge the prosumers’ batteries in to maximise their final savings. More clarity on
this is provided with prosumers’ batteries SOC in Figure 4-44. The prosumers’ battery
final SOC, the VPP energy exchange, and the technical performance of the VPP under
MPS will be discussed in the later part of section 4.13.2 and section 4.13.3.
Figure 4-43 is the battery charging profile of each prosumer with APS.

156

Figure 4-43: Battery charging profile (under APS).
In Figure 4-43 it is observed that during off-peak the batteries are charging with high
current compared to scenario 1a, 2a, and 4a with APS. This is attributed to the battery
SOC which was integrated as part of the problem formulation in the form of the
prosumers’ final savings.
Figure 4-44 shows the comparison of each prosumer battery final SOC with MPS and
APS.

Figure 4-44: Battery final SOC (under MPS, and APS).
In Figure 4-44 with MPS, the battery final SOC is 40%, 39%, and 38% for prosumer 1,
2, and 3 respectively. The same applies to the APS. The final SOC is higher compared
to what was obtained both for MPS and APS in scenario 2a and 4a respectively. The
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high final SOC is attributed to the prosumers’ final savings which were integrated as
part of the VPP SSW formulation. This allows the prosumers to have some saved
money in the form of stored energy in their batteries. The final SOC is another form
of income to the prosumers.
Figure 4-38 shows the comparison of the energy exchange between the community
VPP and the grid, with MPS and APS.

Figure 4-45 Energy exchange (under MPS, and APS).
In Figure 4-45, with both MPS and APS, it is observed that the VPP energy exchange
is in accordance with the grid’s requirement for DSM at most of the time interval
compared to scenario 1a, 2a and 4a with MPS and APS. This means that energy is
imported from the grid during off-peak hours and is exported to the grid during the
peak hours in most of the time interval. This is good for the grid, as it requires support
during off-peak and peak hours. More clarity on the VPP energy exchange with
respect to the grid requirements for DSM is provided in Figure 4-46, using the CPI.
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4.13.3 Evaluating VPP Performance
Figure 4-46 shows the comparison of the VPP technical performance in terms of
DSM with MPS and APS.

Figure 4-46: Cumulative performance of the VPP (under MPS, and APS).
In Figure 4-39, with MPS and APS, the VPP cumulative performance at the end of the
market is 91.7% and 83.3% respectively. Although this is lower than in scenario 4a
with MPS and the APS respectively where the optimisation strictly considered the
VPP CPI, it is higher than obtained with MPS and APS respectively in scenario 1a and
scenario 2a where the optimisation strictly considered the VPP aggregator’s profit
and the prosumers’ net cost respectively. One conclusion drawn from this study is
that the VPP gets a higher CPI under an objective function that considers the VPP
SSW compared to an objective function that strictly considers either the prosumers’
business case in terms of net cost or the VPP aggregator’s business case in terms of
profit.
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4.13.4 Deductions
This scenario clearly demonstrates that it is possible to set prices and optimise with
respect to all VPP stakeholders’ objectives during DSM. While previous scenarios has
demonstrated that it is possible to set prices and optimise with respect to each
stakeholder objective respectively during scheduling of battery and be able to meet
all stakeholders’ objectives to some degree. In scenario 5a scenario, under both the
MPS and APS, it has been demonstrated that optimising with respect to the VPP SSW
accounts for all the VPP stakeholders compared to optimising with respect to a
particular stakeholder objective. In other words, A VPP stakeholder is better off when
its objective is integrated as part of the problem formulation compared to when it is
not. This is clearly demonstrated from the VPP aggregator’s profit which was highest
in scenario 5a compared to scenario 2a and 4a. The same also applies to the VPP CPI
and the prosumers’ batteries SOC. In order to further compare and contrast the MPS
and the APS in terms of VPP technical performance and business incentive Table 4-8,
is presented.
Table 4-8: Scenario 5a, effect of pricing on VPP business incentives and technical
performance.
Pricing Scheme
MPS
APS

VPP Aggregator’s
Profit (Pence)
102

Prosumers’ incentive
(Pence)
125

VPP Cumulative
Performance (%)
91.7

77

83.3

94

In Table 4-8, both the VPP aggregator, the prosumers, and the grid are better off with
MPS compared to the APS grid. Optimising with respect to the stakeholders gives
them better benefits. This is unlike what was obtained in scenario 1a, 2a, and 4a. This
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is attributed to the VPP SSW which was considered as the objective function as well
as the weightings chosen.

4.14 Scenario 6a Results, Discussions and Deductions
The results, discussions, and deductions made for optimising in terms of maximising
the VPP SSW F, using the MPS under different values of Ω are presented as follows.

4.14.1 VPP Business Case with Different Depreciation Costs
Figure 4-47 is the VPP aggregator’s profit versus depreciation cost factor.

Figure 4-47: VPP Aggregator’s profit versus depreciation cost factor.
The depreciation cost factor reflects the depreciation cost. In Figure 4-47 the VPP
aggregator’s profit reduces as the depreciation cost increases. The VPP aggregator is
operating at a loss (-28 pence) a t Ω = 0.8. At Ω =0 (i.e. no depreciation cost), the
VPP aggregator makes a profit of 90 pence at the end of the market transaction. This
is lower compared to what was obtained for the MPS under scenario 5a in Figure
4-40, where the VPP aggregator make a profit of 102 pence. This is attributed to the
converter’s efficiency which is lower than that used in scenario 5a. Figure 4-48 shows
the prosumers’ incentives versus depreciation cost factor.
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Figure 4-48: Prosumers’ incentive versus depreciation cost factor.
In Figure 4-48 the depreciation cost has a smaller effect on the prosumers’ incentives,
unlike the VPP aggregator’s profit in Figure 4-47. At Ω =0, the prosumers make an
incentive of 155 pence at the end of the market transaction. This is higher compared
to what was obtained for the MPS under scenario 5a in Figure 4-41, where the
prosumers’ make an incentive of 125 pence. The higher incentives for the prosumers
despite the lower efficiency of conversion is as a result of the algorithm purchasing a
lesser amount of energy for charging of the batteries during the mid-day off-peak.
The prosumer buy price of energy (i.e. from Figure 4-7) at the mid-day off-peak peak
is higher than that of the morning off-peak, and because the efficiency used in
scenario 6a, is lesser than that of scenario 5a, the algorithm prevents the battery
from charging with high amount of energy in the mid-day off-peak in order to
maximise the VPP SSW. This results to reduce net cost and higher incentives for the
prosumers. However, this is at the expense of the VPP aggregator whose profit is
reduced as less energy is bought at the mid-day off-peak by the prosumers. Further
clarity on this provided in section 4.14.2.
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4.14.2 Battery Charging Profile and SOC with Different Depreciation
Costs
Figure 4-49, Figure 4-50, Figure 4-51, Figure 4-52, Figure 4-53, are the battery
charging profiles of the batteries at Ω =0, 0.1, 0.2, 0.4, and 0.8 respectively.

Figure 4-49: Battery charging profile (Ω=0).

Figure 4-50: Battery charging profile (Ω=0.1).
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Figure 4-51: Battery charging profile (Ω=0.2).

Figure 4-52: Battery charging profile (Ω=0.4).

Figure 4-53: Battery charging profile (Ω=0.8).
One noticeable observation from Figure 4-49, Figure 4-50, Figure 4-51, Figure 4-52,
Figure 4-53, is that the charging pattern is similar as a lesser amount of energy is used
for charging the batteries during the mid-day and afternoon off-peak period
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compared to the midnight and early morning off-peak period. Just like the
prosumers’ incentives, the increasing depreciation cost has less effect on the battery
charging profile, unlike the VPP aggregator’s profit. Figure 4-54, is the final SOC
versus depreciation cost factor.

Figure 4-54: Final SOC versus depreciation cost factor.
In Figure 4-54, at Ω =0, the battery’s final SOC for each prosumer is lower than
obtained in scenario 5a in Figure 4-44. This is attributed to the less energy used in
charging the batteries. Increasing the depreciation cost has less effect on the final
SOC of the batteries compared to the VPP aggregator’s profit.

4.14.3 VPP Performance under Different Depreciation Cost
Figure 4-55 is the CPI versus depreciation cost factor.
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Figure 4-55: CPI versus depreciation cost factor.
In Figure 4-55 the VPP maintained its CPI at 91.7% from Ω = 0 to 0.2. The CPI reduces
to 87.5% at Ω =0.4, and maintained it at that value until Ω = 0.8. The effect of the
depreciation cost on the VPP performance in terms of DSM is less. This is unlike the
VPP aggregator’s profit. The conclusion drawn from this study is that the VPP
aggregator in terms of its profit is mainly affected by the depreciation cost despite
the optimisation which considered the VPP SSW. This is attributed to the
depreciation cost which was formulated for the VPP aggregator to account for.

4.14.4 Conclusions
The efficiency of conversion might result in higher incentives for prosumers but lower
SOCs of their battery. VPP DSM performance in terms of CPI may not be much
affected when the efficiency of the converter is within standards. When VPP
aggregators are made to account for the battery depreciation cost, optimising with
respect to the VPP SSW still has a higher impact on the VPP aggregator compared to
other stakeholders. This is because the VPP aggregator is made to account for the
depreciation cost alone despite the optimisation of the SSW. Using the MPS and
considering the efficiency of the converter and the depreciation cost, the MPS has to
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some reasonable extent been able to reward all the VPP stakeholders. The VPP
aggregator operating at a loss at Ω = 0.8 might seems unrealistic in practical scenario
due to the relative high depreciation cost with respect to the average sell price of
energy for the prosumer. Depreciation cost will have much impact based on capital
cost and lifetime of battery.

4.15 Investigation of Peukert Effect
In this section, an optimisation and investigation of the VPP SSW of a community VPP
with MPS at varying Peukert conditions of battery storage are investigated. This was
done because, unlike lithium-ion batteries, lead-acid batteries are characterised by
Peukert conditions.

4.15.1 Peukert Condition on Batteries
The Peukert effect accounts for one of the major energy loss that is associated with
batteries, for example the lead-acid battery [260-262]. Typically, battery
manufacturers specify the nominal/actual capacity of their battery based on their
specified discharge rate. With the Peukert condition the effective battery capacity
decreases as the rate of discharge energy from the battery increases beyond the
specified rate [260-262]. The effective capacity is the usable capacity available from
the battery. For example, a fully charged battery whose nominal capacity is 1000 AH
(Ampere Hours) specified at a discharge rate 20 H (Hours) when discharged at 50 A
(or 20 H discharge rate) would provide an effective capacity of 1000 AH. Also, the
battery lifetime is preserved. However, if such a battery is discharged at a rate greater
than 50 A or in less than 20 H, the effective capacity of the battery is less than 1000
AH due to the Peukert effect. In addition, discharging the battery at less than 50 A or
167

greater than 20 H does not increase the effective capacity beyond 1000 AH, as that
is practically unrealistic. Figure 4-56, and equation (4.29) shows the losses associated
with the battery as a result of the Peukert effect.

Figure 4-56: Peukert effect on battery storage.
𝑙𝑜𝑠𝑠
𝐸𝑖,𝑡
is the energy loss in prosumer i battery at the time interval t as a result of the
𝑎𝑓𝑓

Peukert effect. 𝐸𝑖,𝑡

is the equivalent of the discharge energy from the battery’s

𝑑𝑖𝑠
perspective of prosumer i. This is unlike 𝐸𝑖,𝑡
which is the effective discharge energy

that is seen from the battery of from prosumer i.
𝑎𝑓𝑓

𝑙𝑜𝑠𝑠
𝑑𝑖𝑠
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= 𝐸𝑖,𝑡 − 𝐸𝑖,𝑡

(4.29)

𝑎𝑓𝑓

𝑑𝑖𝑠
With the Peukert condition both 𝐸𝑖,𝑡 and 𝐸𝑖,𝑡
are related [260], as follows:
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(𝐸𝑖,𝑡
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(4.30)

𝑎𝑓𝑓

𝑑𝑖𝑠
𝐸𝑖,𝑡

𝑑𝑖𝑠
𝐸𝑖,𝑡 , 𝑖𝑓(𝐸𝑖,𝑡
<= 𝐸𝑖𝑟𝑎𝑡𝑒 )
={
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𝑑𝑖𝑠
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(𝐸𝑖,𝑡 ) 𝑖𝑓(𝐸𝑖,𝑡

(4.31)

ϕ is the Peukert constant. From (4.29), (4.30), and (4.31). 𝐸𝑖𝑟𝑎𝑡𝑒 is the rate of energy
𝑑𝑖𝑠
discharge specified by the manufacturer prosumer i battery. When 𝐸𝑖,𝑡
<=𝐸𝑖𝑟𝑎𝑡𝑒 , the

capacity loss of prosumer i battery is zero. The energy loss increases as both the
Peukert constant and the effective discharge energy from the prosumer battery
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𝑒𝑓𝑓

increases. The effective battery capacity of prosumer i 𝐸𝑖

𝑑𝑖𝑠
when 𝐸𝑖,𝑡
>𝐸𝑖𝑟𝑎𝑡𝑒 is

presented as follows [261, 262].

𝑒𝑓𝑓
𝐸𝑖

=

𝐸𝑖𝑏𝑎𝑡𝑡

[

𝐸𝑖𝑟𝑎𝑡𝑒

𝜙−1

(4.32)

]
𝑑𝑖𝑠

𝐸𝑖,𝑡

From (4.32), using a fully charged battery as a reference, the effective battery
𝑑𝑖𝑠
capacity available to the VPP is less than the actual battery capacity when 𝐸𝑖,𝑡
>𝐸𝑖𝑟𝑎𝑡𝑒

under Peukert condition. The SOC is measured in percentage. The cumulative battery
energy level of prosumer i at t over T is presented as follows:
𝑇
𝑠𝑡𝑜𝑟𝑒𝑑
∑ 𝐸𝑖,𝑡
𝑡=1

𝑠𝑡𝑜𝑟𝑒𝑑
𝐸𝑖,𝑡

𝑇

=

𝐸𝑖𝑖𝑛𝑖𝑡

𝑐ℎ𝑔

𝑎𝑓𝑓

𝑖𝑑𝑙𝑒
+ ∑(𝐸𝑖,𝑡 + 𝐸𝑖,𝑡
− 𝐸𝑖,𝑡 )

(4.33)

𝑡=1

is prosumer i cumulative battery energy level in per unit measured at t. 𝐸𝑖𝑖𝑛𝑖𝑡

is prosumer i initial battery energy level in per unit before participation in the day
𝑖𝑑𝑙𝑒
ahead power market. 𝐸𝑖,𝑡
is the battery idle energy which is 0 per unit. The

prosumer battery SOC is calculated from (4.33) as follows:

𝑆𝑂𝐶𝑖,𝑡 = 100

𝑠𝑡𝑜𝑟𝑒𝑑
𝐸𝑖,𝑡

(4.34)

𝐸𝑖𝑏𝑎𝑡𝑡

4.15.2 Scenario Set-up for the Peukert Effect
The scenario was carried out by selecting ϕ = {1.0, 1.1,…1.6}, at an incremental step
of 0.1. ϕ =1.0 means no Peukert effect. Ideally, ϕ =1.0 for some batteries technologies
like lithium-ion batteries, etc. and varies between 1.05 and 1.6 for lead-acid batteries.
𝑑𝑖𝑠
𝑑𝑖𝑠
Both 𝐸𝑚𝑖𝑛,𝑖
and 𝐸𝑚𝑎𝑥,𝑖
values were initially chosen to be 0 and 10 per unit

respectively in order to be able to account for the Peukert effect. These values were
later normalized to 0 and 1 per unit respectively base on the maximum load of the
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𝑐ℎ𝑔

𝑐ℎ𝑔

prosumers. The same also applies to 𝐸𝑚𝑖𝑛,𝑖 and 𝐸𝑚𝑎𝑥,𝑖 . 𝐸𝑖𝑏𝑎𝑡𝑡 , 𝐸𝑖𝑟𝑎𝑡𝑒 , and 𝐸𝑖𝑖𝑛𝑖𝑡 were
initially chosen to be 120, 5, and 60 per unit respectively and were normalized to 12,
0.5 and 6 per unit respectively. Both 𝐷𝑒𝑝𝑐𝑜𝑠𝑡 and 𝜂𝑐𝑜𝑛𝑣 were chosen to be 0 (i.e. Ω
=0 ) and 1 respectively. A 24 hours battery discharge rate specification was used, this
can be inferred from dividing 𝐸𝑖𝑏𝑎𝑡𝑡 by 𝐸𝑖𝑟𝑎𝑡𝑒 . Ideally, most lead-acid batteries are
specified to discharge at 20 hours discharge rate in order to obtain their nominal
capacity. However, this could vary. The MPS and the load profile in Figure 4-7 and
Figure 4-9 is used as the input data in this scenario. The GA was used the same way
as in previous scenarios to optimise the VPP stakeholders social welfare (F in (4.27))
for N=3, T=24 [36, 37] by setting W1=0.257, W2=0.257, W3=0.229, W4=0.257.

4.15.3 Results and Discussions concerning the Peukert Effect
The VPP business case for different values of ϕ is presented in Figure 4-57.

Figure 4-57: VPP business case for different Peukert conditions.
In Figure 4-57 the VPP aggregator has its highest profit of 107 pence at ϕ =1.0, and
its lowest profit of 16 pence at ϕ =1.6. The prosumers have their highest incentive of
209 pence at ϕ =1.0, and their lowest incentive of -25 pence at ϕ =1.6. Both the VPP
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aggregator’s profit and the prosumers’ incentive decreases simultaneously as the
Peukert constant increases. The decrease in VPP aggregator’s profit, prosumers’
incentives, and VPP performance are attributed to the loss in battery capacity when
the batteries are subjected to high discharge energy with high Peukert effect. Figure
4-58, is the VPP performance at different values of ϕ.

Figure 4-58: VPP performance for different Peukert conditions.
From Figure 4-58, the VPP has its highest performance of 100% at ϕ =1.0, and its
lowest performance of 37.5% at ϕ =1.6. The results clearly show that as the Peukert
constant increases, the ability of the VPP to provide DSM to the grid also decreases.
Figure 4-59 is the final SOC of each prosumer battery at different values of ϕ.
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Figure 4-59: Battery final SOC with different Peukert conditions.
In Figure 4-59, there was an initial increase in battery final SOC from ϕ =1.0 to ϕ =1.1
and a decrease in SOC from ϕ =1.1 to ϕ =1.2. However, from ϕ =1.3 to ϕ =1.6, it is
observed that the final SOC of the prosumers’ batteries increases for prosumer 1, 2,
and 3. This depicts that when final SOC is being accounted for as part of VPP
objectives, batteries showing a high Peukert effect are more likely to have a higher
final SOC compared to ones with lower effect. This is because a high Peukert effect
would result in underutilisation of the battery in terms of discharging in the peak
period. Using ϕ =1.0 (i.e. no Peukert effect) as the baseline value, the percentage
change (PC) in the VPP stakeholders’ welfare was calculated for each incremental step
size δϕ from the baseline value. This is to understand the impact of the Peukert effect.
The PC in the stakeholders’ welfare is presented in Table 4-9.
Table 4-9: VPP stakeholders’ welfare.

δϕ=0.1
δϕ=0.2
δϕ =0.3
δϕ=0.4
δϕ=0.5
δϕ=0.6

VPP
Aggregator’s
Profit (%)
-13.04
-15.77
-22.35
-52.95
-71.66
-85.04

Prosumers’
Incentive
(%)
-16.80
-27.20
-46.26
-85.58
-105.04
-112.14
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VPP
Performance
(%)
-12.5
-16.7
-25.00
-45.83
-54.17
-62.50

Mean
Final SOC
(%)
40.18
-28.23
-24.06
372.12
585.00
719.87

In Table 4-9, at δϕ =0.1, the negative impact of the Peukert effect on the prosumers’
incentive is highest (i.e. -16.80%). Only the mean value of the three prosumers’ final
SOC is positively impacted (i.e. 40.18%). The negative impact on the VPP aggregators
profit, prosumers’ incentive and VPP performance increases as δϕ approaches 0.6.
However, at δϕ =0.6 there is a maximum positive impact on the mean value of the
final SOC (i.e. 719.87%). In this chapter, it has been demonstrated that as the Peukert
condition of the battery increases, the VPP SSW in terms of VPP aggregator’s profit,
prosumers’ incentive and VPP performance decreases, although, the batteries’ final
SOCs are high with high Peukert conditions. This is as a result of the batteries been
underutilised in terms of discharging during the peak period. This is an issue,
particularly for DSM.

4.15.4 Conclusions with Peukert Effect
In this section, using the MPS, an investigation of the VPP SSW during DSM under
different levels of Peukert conditions of battery storage has been carried out. The
results clearly showed that as the Peukert effect increases, the SSW in terms of VPP
aggregator’s profit, prosumers’ incentives and VPP performance decreases.
However, the batteries’ final SOCs are high even with high Peukert conditions. This is
as result of the batteries been underutilised in terms of discharging during the peak
period.
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4.16 Conclusion
A small of prosumers with EES under a community VPP operation has been modelled.
This was carried out with different price settings, which include pricing based on
percentage, PPS, MPS, and APS. A CPI was proposed for measuring the VPP technical
performance with DSM. A VPP SSW was also proposed.
The pricing based on percentage was considered unrealistic for VPP operation due to
its energy transaction pattern. The PPS was not sufficient for the VPP stakeholders in
terms of their welfare. This was shown in scenario 1a where the VPP aggregator is
making a profit at the expense of the prosumers who are operating at a loss and the
grid who is not getting DSM from the VPP. This is also supported by scenario 2a,
where the prosumers are getting incentives and the grid getting DSM from the VPP
at the expense of the VPP aggregator who is operating at a loss.
The MPS developed was able to provide welfare to all the VPP stakeholders to some
degree irrespective of which VPP stakeholder the optimisation is formulated to
consider. This was demonstrated through scenario 1a, 2a, 3a, 4a. A weakness in MPS
is in scenario 1a (i.e. optimising strictly for F1) where the VPP CPI was considered not
high enough. This resulted in the development of the APS which had a higher CPI but
lower profit and incentive for VPP aggregator and prosumers respectively compared
to MPS in scenario 1a.
The APS also had a fairly high CPI in scenario 2a that is lower than that of the MPS.
The same applies to the VPP aggregator’s profit. However, it has higher incentives
for the prosumers compared to the MPS. Neither MPS nor APS was able to prevent
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the batteries from having a 100% DOD in scenario 2a, where the optimisation
considered F2.
Using MPS in scenario 3a under different initial SOCs, and the results in scenario 1a
(i.e. comparing MPS and APS), showed that the VPP business case is not necessarily
maximised when its technical performance is maximised or vice versa. The initial SOC
of a battery, besides pricing, was identified as one of the factors that affect VPP
technical performance in scenario 3a.
Optimising with respect to the VPP CPI in scenario 4a showed that the VPP attained
a 100% CPI for both APS and MPS. The VPP aggregator’s profit is higher under MPS
than the APS, while the prosumers’ incentives were higher with APS than the MPS.
The batteries’ DODs were better in scenario 4a than in scenario 2a.
In scenario 5a, optimising with respect to the formulated VPP SSW F, using equal
weightings showed that MPS is better than APS in terms of welfare. The problem of
battery DOD was also resolved.
In scenario 6a, using MPS and optimising with respect to F at a lower efficiency
showed that the prosumers’ incentives increased at the expense of the VPP
aggregator’s profit and battery SOC. Using the depreciation cost factor, when VPP
aggregators are made to account for the battery depreciation cost, optimising with
respect to the VPP SSW still has a higher impact on the VPP aggregator compared to
other stakeholders. However, MPS was still able to reward all the VPP stakeholders
to some degree despite the depreciation cost and the converter’s efficiency which
was accounted for.
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The batteries underutilisation under very high Peukert conditions is an issue during
DSM where the grid requires peak load support from the VPP. Unlike the battery
depreciation cost which affects mainly the VPP aggregator’s profit, the Peukert effect
tends to affect all the VPP stakeholders. Therefore, it is important that grid operators
consider the Peukert conditions of batteries under VPP operation when setting prices
with respect to DSM, particularly with lead-acid batteries, as this would help to
compensate for the loss in the VPP SSW.
Finally, the CPI developed makes it possible to formulate an objective function that
accounts for both the VPP business and technical case. The outcome of this study
showed the possibility of having a pricing mechanism in place for local community
VPP with EES in the market that rewards all its stakeholders during DSM under a
bidirectional flow of energy between prosumers and the grid. The key difference
between the PPS, MPS, and the APS is the prosumers’ sell price which was varied. As
a result, it was identified that price margin among the prices is critical for the welfare
of VPP stakeholders.
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5 ALTERNATIVE DISTRIBUTED ENERGY RESOURCES
INTEGRATION
In the previous chapter, ES in the form of EES was investigated under VPP operation.
In this chapter, ES in the form EV and renewable generations are investigated under
VPP operation. EVs’ charging is known as a grid to a vehicle (G2V) and when EVs are
providing energy to the grid, it is known as V2G. In order to investigate EVs under
VPP operation, a basic test set-up with three EVs of known travel times and usage
was considered: basically going to work and back as typical of the normal workday.
Renewable energy within a VPP is also investigated where the RER is part of a
community. This relates back to the case study on Nigeria for a local community
supply in chapter 2. Here PV is assumed as the energy source and it is sized to be
sufficient for the three households, which are the prosumers, so it is set to have a
maximum generation of 3 per unit. This is possibly slightly larger than required but is
only used here to investigate its operation under a VPP setting. The capital cost of
the PV is not included in the calculation.

5.1 VPP in a EV Scenario
In this model, the prosumer uses its EV for participation in the aggregation market.
The difference between this model and that of the EES is that the battery is
sometimes mobile and cannot be used in the market. The EV can only be used for
market participation in terms of DSM when it is not mobile. Figure 5-1 is the diagram
showing the VPP model under EV aggregation.
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Figure 5-1: Architecture of the Virtual Power Plant model using EV.
Each EV is labelled in accordance with the house number. The VPP combines in the
cloud each prosumers’ EV. The EV battery storage is regarded as virtual storage. This
is because even though the vehicle is elsewhere within the community, it is still
virtually connected to the VPP and the prosumers’ house through a smart plug and
communication network. This allows the VPP to have information regarding the
energy use by the EV for driving, as well as the energy traded and exchange between
the VPP aggregator and the prosumers’ EV. The VPP aggregator uses the EVs to
participate in the wholesale power market only in a time period when the prosumers
have plugged in their EVs via the Electric Vehicle Supply Equipment (EVSE). The
plugging operation can be done in the home or in the work location of the prosumers.
The prosumers’ home and work location are within the same community controlled
by the VPP. During the time period when the prosumers’ are driving their cars within
their community (i.e. from home to work location, and from work location back to
home) they are still virtually connected to the VPP, but the VPP cannot make use of
the prosumers’ batteries for a business transaction. At that time period, the VPP can
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only transact energy based on the house load of the prosumer. Each prosumer house
load pattern is the same as that of the EES scenario in Figure 4-9. The driving load
profile of the prosumers as shown in Figure 5-2, as follows.

Figure 5-2: Forecasted hourly driving load profile of each prosumer.
Figure 5-2 is the driving load profile of each prosumer. It shows the energy consumed
(discharged) from each prosumer EV during the time period when the EV is driven to
work and to back home. Each prosumer was assumed to have a different driving
pattern. Driving patterns will be different and load will also be different depending
on engine size. The larger the vehicle the higher the load. Also, the further the
distance travelled, the more time taken.
Figure 5-3 shows the prosumers’ EV with aggregation market.
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Figure 5-3: EV under aggregation market.
𝑝𝑙𝑢𝑔

𝜀𝑖,𝑡

𝑝𝑙𝑢𝑔

is the state of the vehicle with 𝜀𝑖,𝑡

=1 representing being plugged into the grid
𝑝𝑙𝑢𝑔

(here assumed so when not travelling) and 𝜀𝑖,𝑡

=0 when not plugged in or travelling.

5.2 Community PV with EES Model
Figure 5-4 is a diagram describing the VPP with EES model developed in this work.

Figure 5-4: VPP model with community solar farm.
Prosumers in the community get free energy from the community PV for meeting
their demand. The community PV is in the form of a solar farm and was sized based
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on the maximum charging requirements of the prosumers. The energy produced from
the solar farm is only used for the charging of the prosumers’ batteries and meeting
of their load demand. In this model, energy is not exported directly to the grid by the
VPP. 𝐸𝑡𝑝𝑣 is the amount of energy in per unit produced from the community solar
farm. This is assumed to be free for both parties (prosumers and VPP). The VPP only
imports energy from the external grid when the energy produced from the
community solar farm is not enough to meet the prosumers’ batteries charging and
load requirement. The VPP exports energy to the grid after meeting the prosumers’
load. Figure 5-5, is the normalized Photovoltaic generation from the community solar
farm. This data was obtained from [263].

Figure 5-5: Photovoltaic generation from community solar farm.
Figure 5-5 depicts the solar irradiance data shape expected which usually is in the
form of Gaussian distribution function. It fits well to be used for charging the
prosumers’ batteries during the day’s off-peak period. The prosumers’ energy
requirement during this period can be adequately met by the PV generation on a good
sunny day assuming a 100% energy conversion efficiency.
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5.3 Mathematical Modelling of EV
5.3.1 The VPP Net Dynamic Load constraints in the EV Scenario
𝑑𝑦𝑛

The VPP net dynamic load constraints 𝐸𝑡

, at the time interval t on the grid is

calculated in (5.1) as follows.
𝑁
𝑑𝑦𝑛
𝐸𝑡

𝑝𝑙𝑢𝑔

= ∑(𝐿𝑖,𝑡 + 𝜀𝑖,𝑡

(5.1)

𝑐𝑑
𝑐𝑜𝑛𝑣
. 𝜂𝑐𝑑
. 𝐸𝑖,𝑡
)

𝑖=1

𝑝𝑙𝑢𝑔

𝜀𝑖,𝑡
𝑝𝑙𝑢𝑔

𝜀𝑖,𝑡

={

1, 𝑤ℎ𝑒𝑛 𝐸𝑉 𝑖𝑠 𝑝𝑙𝑢𝑔𝑔𝑒𝑑
0, 𝑤ℎ𝑒𝑛 𝐸𝑉 𝑖𝑠 𝑛𝑜𝑡 𝑝𝑙𝑢𝑔𝑔𝑒𝑑

(5.2)

𝑝𝑙𝑢𝑔
is the plug-in state of the prosumers’ EVs at the time interval t. 𝜀𝑖,𝑡
is 1 when

the prosumers’ EVs are plugged or connected to the grid for the VPP to use in terms
𝑝𝑙𝑢𝑔
of DSM to the grid. Otherwise, it is 0. Under VPP with EES, 𝜀𝑖,𝑡
is always 1, this is

𝑑𝑦𝑛

because EES is not mobile and is always connected to the grid. 𝐸𝑡
𝑑𝑦𝑛

import and export energy. More details on 𝐸𝑡

accounts for the

𝑐𝑑
𝑐𝑜𝑛𝑣
, 𝐿𝑖,𝑡 , 𝜂𝑐𝑑
, 𝐸𝑖,𝑡
are been discussed

in section 4.3 of this thesis.

5.3.2 VPP Aggregator’s Profit in the EV scenario
𝑝𝑟𝑜𝑓𝑖𝑡

The VPP aggregator’s profit 𝑉𝑃𝑃𝑡

at each time interval t over the day’s total

number of time interval (T) is calculated as follows:
∑𝑇𝑡=1 𝑉𝑝𝑝𝑡𝑝𝑟𝑜𝑓𝑖𝑡 = ∑𝑇𝑡=1(𝑉𝑝𝑝𝑡𝑟𝑒𝑣 − 𝑉𝑝𝑝𝑡𝑐𝑜𝑠𝑡 )

(5.3)

Here 𝑉𝑃𝑃𝑡𝑟𝑒𝑣 and 𝑉𝑃𝑃𝑡𝑐𝑜𝑠𝑡 are the VPP aggregator revenue and cost respectively at
t. Both VPP revenue and cost are calculated respectively in (5.4) and (5.5) as follows:
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𝑇

𝑁

∑ 𝑉𝑃𝑃𝑡𝑟𝑒𝑣
𝑡=1

=

𝑇

𝑝𝑙𝑢𝑔

𝑏𝑢𝑦
∑ ∑(𝛼𝑡 . (𝐿𝑖,𝑡
𝑖=1 𝑡=1

𝑇

𝑁

+

𝜀𝑖,𝑡

𝑐ℎ𝑔

. 𝐸𝑖,𝑡

𝜂𝑐𝑜𝑛𝑣

)+

(5.4)

𝑇
𝑝𝑙𝑢𝑔

∑ 𝑉𝑃𝑃𝑡𝑐𝑜𝑠𝑡 = ∑ ∑(𝛽𝑡𝑠𝑒𝑙𝑙 . (𝜂𝑐𝑜𝑛𝑣 . 𝜀𝑖,𝑡
𝑡=1

𝑝𝑙𝑢𝑔
𝛾𝑡𝑒𝑥𝑝 . 𝜀𝑖,𝑡 . 𝐸𝑡𝑒𝑥𝑝 )

𝑑𝑖𝑠
. 𝐸𝑖,𝑡
+ 𝐸𝑡𝑖𝑚𝑝 )

(5.5)

𝑖=1 𝑡=1

In the EV scenario, the VPP aggregator’s profit is dependent on the plug-in state of
𝑏𝑢𝑦

the EV. The parameters 𝛼𝑡

𝑐ℎ𝑔

𝑑𝑖𝑠
, 𝛽𝑡𝑠𝑒𝑙𝑙 , 𝛿𝑡𝑖𝑚𝑝 , 𝛾𝑡𝑒𝑥𝑝 , 𝐸i,𝑡
, and 𝐸𝑖,𝑡 are already discussed

in chapter 4 of this thesis.

5.3.3 Prosumer Net Cost in the EV Scenario
The prosumers’ net cost 𝑃𝑡𝑛𝑒𝑡 at each time interval t over the day’s total number of
time interval T is calculated as follows:
𝑏𝑢𝑦
𝑇
∑𝑇𝑡=1 𝑃𝑡𝑛𝑒𝑡 = ∑𝑁
(𝐿𝑖,𝑡 +
𝑖=1 ∑𝑡=1(𝛼𝑡
𝑝𝑙𝑢𝑔

𝛽𝑡𝑠𝑒𝑙𝑙 . 𝜂𝑐𝑜𝑛𝑣 . 𝜀𝑖,𝑡

𝑝𝑙𝑢𝑔

𝜀𝑖,𝑡

𝑐ℎ𝑔

.𝐸𝑖,𝑡

𝜂 𝑐𝑜𝑛𝑣

)−

𝑑𝑖𝑠
. 𝐸𝑖,𝑡
)

(5.6)

5.3.4 Battery State of Charge
The prosumers’ batteries SOC and their battery constraints have been discussed in
section 4.3.3 and 4.3.4 of this thesis.

5.4 Mathematical Modelling of Community PV with EES
5.4.1 The VPP Energy Balance with PV Generation
The VPP energy balance equation at t is calculated in (5.7) as follows:
𝑐ℎ𝑔
𝑝𝑣
𝑖𝑚𝑝
𝑒𝑥𝑝
𝑑𝑖𝑠
∑𝑁
= ∑𝑁
𝑖=1 𝐸𝑖,𝑡 + 𝐸𝑡 + 𝐸𝑡
𝑖=1(𝐸𝑖,𝑡 + 𝐿𝑖,𝑡 ) + 𝐸𝑡
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(5.7)

𝑁

𝑁

𝑑𝑖𝑠
𝑖𝑓 (∑ 𝐸𝑖,𝑡
+

𝐸𝑡𝑝𝑣

𝑐ℎ𝑔

) > (∑ 𝐸𝑖,𝑡 + 𝐿𝑖,𝑡 )

𝑖=1

𝑖=1
𝑁

𝐸𝑡𝑒𝑥𝑝

𝑁

𝑑𝑖𝑠
= (∑ 𝐸𝑖,𝑡
𝑖=1
𝑁

+

𝐸𝑡𝑝𝑣

𝑐ℎ𝑔

) − (∑ 𝐸𝑖,𝑡 + 𝐿𝑖,𝑡 )
𝑖=1

(5.8)

𝑁
𝑐ℎ𝑔

𝑑𝑖𝑠
𝑖𝑓 (∑ 𝐸𝑖,𝑡
+ 𝐸𝑡𝑝𝑣 ) < (∑ 𝐸𝑖,𝑡 + 𝐿𝑖,𝑡 )
𝑖=1

𝑖=1
𝑁

{

𝐸𝑡𝑖𝑚𝑝

=

𝑁

𝑐ℎ𝑔
(∑ 𝐸𝑖,𝑡
𝑖=1

𝑑𝑖𝑠
+ 𝐿𝑖,𝑡 ) − (∑ 𝐸𝑖,𝑡
+ 𝐸𝑡𝑝𝑣 )
𝑖=1

From (5.8), the energy from the community PV is only used for meeting the
community demand in terms of charging the prosumers’ batteries and load demand.
Energy is only exported to the grid after the discharge energy is used by the VPP for
meeting the local demand.

5.4.2 VPP Aggregator’s Profit with PV Generation
Both the VPP aggregator’s revenue and cost are calculated based on the amount of
energy imported and exported. This is because it does not cost the VPP aggregator
to get energy from the solar farm, also the prosumers only sell excess energy to the
VPP for export after their load demand have been met. The VPP aggregator revenue
and cost are calculated in (5.9) and (5.10) respectively as follows.
𝑇

𝑁

∑ 𝑉𝑃𝑃𝑡𝑟𝑒𝑣

=

𝑡=1

𝑏𝑢𝑦
∑ ∑(𝛼𝑡
𝑖=1 𝑡=1

𝑇

∑ 𝑉𝑃𝑃𝑡𝑐𝑜𝑠𝑡
𝑡=1

𝑇

. 𝐸𝑡𝑖𝑚𝑝

+

𝛾𝑡𝑒𝑥𝑝 . 𝐸𝑡𝑒𝑥𝑝 )

𝑇

=

∑(𝛿𝑡𝑖𝑚𝑝 . 𝐸𝑡𝑖𝑚𝑝
𝑡=1

+
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𝛽𝑡𝑠𝑒𝑙𝑙 . 𝐸𝑡𝑒𝑥𝑝 )

(5.9)

(5.10)

5.4.3 Prosumers’ net cost with PV Generation
The prosumers’ net cost is calculated using both the import and export energy.
During energy import, only energy imported from the grid is paid for by the
prosumers. Energy used from the community solar farm is not paid for by the
prosumers. The imported energy represents a deficit in energy production from the
community solar farm. During energy export, the energy discharge from the
prosumers’ batteries is first used internally to meet the prosumers’ load demand,
only its excess is sold to the VPP for export. The prosumers’ net cost 𝑃𝑡𝑛𝑒𝑡 t, at each
time interval t over T is calculated as follows.
∑𝑇𝑡=1 𝑃𝑡𝑛𝑒𝑡 = ∑𝑇𝑡=1(𝛼𝑡𝑏𝑢𝑦 . 𝐸𝑡𝑖𝑚𝑝 − 𝛽𝑡𝑠𝑒𝑙𝑙 . 𝐸𝑡𝑒𝑥𝑝 )

(5.11)

5.5 Scenario Set-up for EV
The number of prosumers chosen to participate in the community VPP was kept at
three (N=3). The total number of time interval T is kept at twenty-four (T=24). The
load profile in Figure 4-9 was used together with the MPS. GA was used in the same
way in chapter 4. The optimisation problem is the minimisation of the prosumers’
net cost F2. Under the EV scenario, (5.6) replaces (4.21) for F2. The parameters used
for both EV and EES is the same as that used in Table 4-3, section.

5.6 Scenario Set-up for PV with EES
N was chosen to be 3, and T was chosen to be 24. The load profile in Figure 4-9 is
used. The MPS was used. GA was used in the same way in chapter 4. The optimisation
problem is the minimisation of the prosumers’ net cost F2. With PV with EES, (5.11)
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replaces (4.21) for F2. The parameters used for both EV and EES is the same as that
used in Table 4 2, section.

5.7 Results and Discussions
The results for the EV and PV integration are as follows.

5.7.1 Results and Discussion for EV
Figure 5-6 shows the cumulative incentives of the prosumers with both VPP with EES
and VPP in EV scenarios.

Figure 5-6: Cumulative incentives of prosumers (under EES and EV).
In Figure 5-6 the prosumers gain incentives under both scenarios. In the VPP/EES
scenario, each cumulative prosumers’ incentive was approximately 227 pence. In the
VPP/EV scenario, the cumulative prosumers’ incentive was approximately 218 pence.
The prosumers’ incentive is slightly higher for the VPP/EES scenario as compared to
the VPP/EV scenario. The higher incentive for VPP with EES is because the battery
storage is 100 % available (connected to the grid) for the prosumers to use for energy
and business transaction with VPP. Using VPP/EES as a baseline, and comparing the
PC in the prosumers’ incentives of the VPP/EV to that of the EES. The PC in the
prosumers’ incentives with VPP/EV scenario from the baseline is approximately 186

4.0%. This drop is related to the additional energy cost for travelling and also the
inability to participate in the aggregation market during travelling. Figure 5-7, is the
cumulative VPP profit of the VPP aggregator under both VPP/EES and VPP/EV
scenarios.

Figure 5-7: Cumulative Profit of VPP Aggregator.
In Figure 5-7 the VPP aggregator makes a profit in both scenarios. In the VPP/EES
scenario the VPP aggregator makes a profit of approximately 88 pence. In the VPP/EV
scenario the VPP aggregator makes a profit of approximately 45 pence. The PC in the
VPP aggregator’s profit with VPP/EV scenario from the baseline is approximately 48.9%. This shows that negative impact on the VPP aggregator’s profit under VPP/EV
is fairly high. This is unlike the prosumers’ incentives where the PC is lower negatively
(-4.0%). This is due to the VPP inability to fully utilise the prosumers’ batteries for
market participation during time periods when the EV owners are mobile; the battery
discharge energy used for mobile activities, and the optimisation function which
favours the prosumers’ incentives.
Figure 5-8 is the cumulative performance of the VPP with EES and EV scenarios.
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Figure 5-8: Cumulative performance of the VPP.
In Figure 5-8 it is observed that the VPP cumulative performance in terms of DSM
with VPP/EES scenario is approximately 87.5%. The VPP cumulative performance
with VPP/EV scenario is approximately 70.8%. The PC in the VPP aggregator’s profit
with VPP/EV scenario is approximately -19.1%. The VPP performs better under EES
compared to EV because in the EES scenario the battery is always available to the
VPP, and can be used by it for DSM to the grid. Unlike the EV scenario, each of the
prosumers’ EV is only connected to the grid via the VPP for only 92% of the day total
number of time interval (22 hours out of 24 hours). The remaining time period when
the EV is not connected to the grid actually prevents the VPP from being able to
provide DSM, thus resulting in a lower performance for the VPP.

5.7.2 Results and Discussion for PV/EES
Figure 5-9, is the VPP aggregator’s profit and the prosumers’ net cost with
community PV/EES model.
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Figure 5-9: VPP aggregator’s profit and prosumers’ net cost under community PV/EES
model.
In Figure 5-9 the VPP aggregators make a cumulative profit of 87 pence, while the
prosumers have a net cost of -91 pence. The net cost of -91 pence is good for the
prosumers as it implies a negative cost as well as an incentive to the prosumers. In
Figure 5-9 there are no business incentives both for the VPP aggregator and the
prosumers during the morning and mid-day off-peak period. However, one
conclusion drawn from this scenario is that MPS has been able to incentivize both
the VPP aggregator and the prosumers despite the optimisation function F2 which
favours the prosumers, and the cost of energy from the community PV not being
accounted for by the VPP aggregator and the prosumers, as well as the prosumers
not accounting for the cost of meeting their demand during discharging of their
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batteries. Figure 5-10 is the battery charging profile for the VPP with community
PV/EES model.

Figure 5-10: Battery charging profile in the community PV/EES model.
In Figure 5-10 the battery discharges during the peak period. However, it also
discharges during the morning off-peak period. It only charges during the mid-day
off-period. Further clarity on this is provided in the later part of section 5.7.2. Figure
5-11, is the battery SOC with community PV/EES model.

Figure 5-11: Battery SOC in the community PV/EES model.
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In Figure 5-11 each of the prosumers’ batteries attains a final SOC of 0%. This is
expected as there was initial energy in the battery and as the optimisation function
seeks to reduce cost, it will use its own reserved energy first. The battery SOC reduces
during the morning off-peak period as well as the peak periods. The batteries SOC
increases only during the mid-day when charging occurred. Figure 5-12 is the VPP
energy exchange with community PV/EES model.

Figure 5-12: Energy exchange in the community PV/EES model.
In Figure 5-12 energy is exported to the grid during the peak periods to support the
grid. However, during the morning off-peak period very little amount of energy is also
exported to the grid. This is attributed to the model which does not account for the
prosumers’ cost of meeting their fixed load demand when discharging their battery
as well as the optimisation function which favours the prosumers’ net cost
minimisation F2. This prevents the VPP from importing energy from the grid as the
prosumers are made to account for the importation cost of the energy through
buying of the energy imported. The prosumers’ batteries are charging during the
mid-day off-peak. However, very little energy is imported from the grid. This is due
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to the PV size and availability of PV generation in meeting the prosumers’ load and
battery charging demand. As a result, the energy exchange in the off-peak period is
very low. The VPP is avoiding the import of energy at the peak as it implies a cost at
the prosumers. This is because, during the period when PV generation is high (i.e.
around the 10th to 15th-time interval), there is little utilisation of the grid. Figure 5-13
is the cumulative performance of the VPP with community PV/EES model.

Figure 5-13: Cumulative performance of the VPP under community PV/EES model.
In Figure 5-13 the VPP attained a cumulative performance of 66.7%. This is lower
compared to what was obtained in Figure 5-8, and is attributed to the availability of
PV generation during the off-peak period which prevents the VPP from importing
energy from the grid.

5.8 Conclusion
This work has shown with an example the possibility that VPP can be used for EV
integration thereby exploiting the storage capacity of EVs for the benefit of the grid.
This is typically to support the grid as it seeks to increase renewable generation at
the distribution side. In the example, there have been assumptions made on the
times of arrival and departure and also the plug in the period of the vehicle. It is
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possible with more data to have a more accurate determination of scheduling
opportunities. The main contributions of this study are to show that the same
principles as developed for EES are applicable to EVs. As such, EVs too will need
dynamic pricing so as to provide incentives to for prosumers and VPP aggregators to
participate in DSM. The development of dynamic pricing strategies for EVs must
account for the driving behaviours of the prosumers in other to provide welfare for
all VPP stakeholders.
In this research, it has been shown that PVs can be utilised in the VPP system in a
local community. The PV’s cost was not included but could be accounted for by a
depreciation cost. The work focused more on seeing how the VPP would operate with
PV. The main issue is that the CPI would be lower than just using batteries only, but
this is a factor that that only affects the grid as the prosumers would gain most. The
low CPI is due to less energy being drawn from the grid in off-peak hours when the
grid would prefer more energy to be drawn. This can be addressed by introducing
EES as well. This would lead to the grid storing energy at this time, resulting in it being
used. Another way to look at this is to say that there is more capacity for the grid in
the future for higher loads. The grid could introduce a fixed charge for grid
connection that addresses low CPI when renewables contribute. Identifying that the
grid may have to start accepting lower CPI when renewables are included is the main
contribution here. In future work, a more detailed study of the sizing of PV and EES
together with understanding the aspect of lower CPI could explore further.
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6 VIRTUAL POWER PLANT PRICE SETTINGS BASED ON
DEMAND
In reality, prices are set by large electric utilities based on a number of factors which
include the current and future price of fuels, the regulatory requirements, the
infrastructure cost, and the capital expenditure on new plants, among others.
Research on this is found in power system optimisation papers and in economics
research. This work is focused on how small prosumers in terms of their ES capacity
can be aggregated into a community VPPs that is managed by a third-party
aggregator that can act both as large consumers and large electric utilities. As such it
is not easy to develop a price in RT for the aggregation market. As shown in chapter
4, the price is what sets the response of the VPP and the prosumers, and whatever
the optimisation, the results will be similar. Hence it is proposed here to develop a
pricing strategy that could be used by the grid and VPPs to encourage an aggregation
market. The development of the optimal prices the VPP would use can be done
depending on the community profile, which is critical to pricing strategy.
The reason for this is that power generation companies will normally seek to use their
most efficient asset to keep the cost down. As demand increases, old, usually less
efficient, generators are turned on. This increases the cost of electricity and it is this
peak demand that needs to be reduced. The scheduling of less efficient generators is
needed to maintain the reliability of the power system.
In this chapter, the demand curve is used to develop a method of setting prices at
which the grid is willing to sell energy to the VPP and the price at which it is willing
to buy energy from the VPP. These are the VPP import and export prices respectively.
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Based on these, the range of price values over which the VPP itself will be willing to
sell energy or buy energy from the prosumers will be developed. Having set the range
of prices, the optimisation technique using a GA is used to work out the most suitable
prices that meet the stakeholders’ business case, as well as ensuring good grid
performance as measured by the CPI, previously defined in section 4.4.

6.1 Developing Pricing Strategy
6.1.1 Grid to VPP Pricing
The wholesale market price of electricity is characterized by a time-varying nature
[191]. The price tends to rise sharply as the load increases. This rise in price is not
linear as the different generations units are brought into use have different higher
costs. In this research, it is proposed to use the demand pattern as a way of setting
the cost to the grid for supplying electricity. Here we use the UK national demand,
taken on the 1st of April 2017 [264]. This shows the demand for energy every five
minutes for the full 24 hours. This is presented in a matrix D in (6.1), and plotted in
Figure 6-1:

Figure 6-1: UK national rolling system demand.
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 d1 
d 
 2
D  . 
 
. 
d K 
 

(6.1)

D is used as a basis for setting the VPP import price and export price. 𝑑1 , 𝑑2 , and 𝑑𝐾
are each sample of D. K is the total number of samples. k is the index number for each
sample. D is normalized using its mean 𝐷. This is calculated as follows:

𝐷=

∑𝐾
𝑘=1 𝑑𝑘
𝐾

;∀𝑘 ∈ {1,2. . . . . . 𝐾}

𝐷

𝐷𝑛𝑜𝑟𝑚 = 𝐷: D norm

 d1norm 
 norm 
d2 

 .


.

 norm 
 d K 

(6.2)

(6.3)

The normalized 𝐷𝑛𝑜𝑟𝑚 represents the VPP import price in pence/per unit for K
number of samples. The grid demand is considered best when it is flat or rather equal
to its mean. Using 𝐷𝑛𝑜𝑟𝑚 , it means that the price at which D equals to 𝐷 is 1 pence
per unit. Therefore, the price at which the VPP imports electricity from the grid must
be higher than 1 Pence/Per Unit when D is greater than 𝐷, and less than 1 pence/per
unit when D is less is less 𝐷. This is to encourage the VPP to reduce its dynamic load
when D is greater than 𝐷, and to increase its dynamic load when D is lesser than 𝐷.
This is to assist the grid in flattening its demand.
The criteria for setting the VPP export price is based on the deviation of each sample
𝜎𝑘 of D from 𝐷 as it infers both peak and off-peak period. The deviation reflects the
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degree to which the grid demand deviates from its flat requirement. The deviation is
calculated as follows:
(6.4)

𝜎𝑘 = 𝑑𝑘 − 𝐷

The peak deviation is used to normalize the deviation of each sample from the mean
and is presented as follows:
𝜎𝑝𝑒𝑎𝑘 = 𝑚𝑎𝑥( |𝜎𝑘 |)

(6.5)

Using both the normalized deviation and the price at which D equals to 𝐷, the VPP
export price for all K samples 𝐸 𝑛𝑜𝑟𝑚 is proposed as follows:

𝐸𝑘𝑛𝑜𝑟𝑚

𝜎𝑘

𝜃2

= 𝜃1 . 𝑠𝑖𝑔𝑛(𝜎𝑘 ). (
)
𝜎𝑝𝑒𝑎𝑘

E norm

 E1norm 
 norm 
 E2 

 .


.

 norm 
 EK 

(6.6)
+1

(6.7)

Ө1 and Ө2 in (6.6) are constants which represent the degree to which the grid is
willing to encourage the VPP to provide dynamic load levelling for DSM. They
determine the grid’s budget constraint. Increasing Ө1 will increase the price paid by
the grid to the VPP aggregator in a time period/interval when the grid load is greater
than its average load, and reduce the price paid by the grid to VPP aggregator in a
time period when the grid load is less than its average load. Increasing Ө2 will
increase the price paid by the grid to the VPP aggregator in a time period when the
grid load is less than its average load and reduce the price paid by the grid to the VPP
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aggregator in a time period when the grid load is greater than its average load. Ө2
varies the normalized deviation exponentially.
In the UK electricity market, under NETA 2001, electricity trading, balancing and
settlement are done for 48 settlement periods (i.e. every half-hour over the day’s 24
hours). In other to convert 𝐷𝑛𝑜𝑟𝑚 and 𝐸 𝑛𝑜𝑟𝑚 in to a 48-time interval (T) of import
price 𝛿 𝑖𝑚𝑝 and export price 𝛾 𝑒𝑥𝑝 respectively, a moving average was applied,
calculated as follows:
From 𝐷𝑛𝑜𝑟𝑚 , for each 1 ≤ 𝑡 ≤ 𝑇

𝑇

𝑛𝑜𝑟𝑚
set 𝛿𝑡𝑖𝑚𝑝 : = 𝐾 . ∑𝑚+5
;  imp
𝑚=6(𝑡−1)+1 𝐷𝑚

1imp 
 imp 
 2 

 .


.

 imp 
 T 

(6.8)

From 𝐸 𝑛𝑜𝑟𝑚 , for each 1 ≤ 𝑡 ≤ 𝑇
 1exp 
 exp 
 2 
𝑇
𝑒𝑥𝑝
𝑚+5
exp
𝑛𝑜𝑟𝑚
𝛾𝑡 : = 𝐾 . ∑𝑚=6(𝑡−1)+1 𝐸𝑚 ;  : . 


. 
 exp 
 T 

(6.9)

m is the kth element of the matrix 𝐷𝑛𝑜𝑟𝑚 and 𝐸 𝑛𝑜𝑟𝑚 from where the computation
using moving average starts from. From 𝛿𝑡𝑖𝑚𝑝 , and 𝛾𝑡𝑒𝑥𝑝 , the VPP aggregator
𝑏𝑢𝑦

determines 𝛼𝑡

, and 𝛽𝑡𝑠𝑒𝑙𝑙 in the aggregation market. This is done for all T in DA.

More details on how the prices are determined in the aggregation market are
discussed in section 6.1.2.
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The grid net price 𝜓𝑡𝑛𝑒𝑡 is used to compare the VPP energy transaction per unit. The
grid net price is the normalized difference between the export and the import price
in Per Unit. It reflects the grid’s demand in terms of peak and off-peak periods. More
details on this are presented in section 6.4. The grid net price 𝜓𝑡𝑛𝑒𝑡 is calculated from
(6.8) and (6.9) as follows:

𝜓𝑡𝑛𝑒𝑡

𝛾𝑡𝑒𝑥𝑝 − 𝛿𝑡𝑖𝑚𝑝
=
max |𝛾 𝑒𝑥𝑝 − 𝛿 𝑖𝑚𝑝 |

(6.10)

6.1.2 Setting Permissible Price Ranges in the Aggregation Market
𝑏𝑢𝑦

Based on 𝛿𝑡𝑖𝑚𝑝 , and 𝛾𝑡𝑒𝑥𝑝 , both the VPP aggregator and prosumers agree 𝛼𝑡

, and
𝑏𝑢𝑦

𝛽𝑡𝑠𝑒𝑙𝑙 based on their budget constraints. Therefore, the ranges of permissible 𝛼𝑡

,

and 𝛽𝑡𝑠𝑒𝑙𝑙 are defined as follows:
𝑏𝑢𝑦

𝑏𝑢𝑦

𝐾1

𝑏𝑢𝑦

𝑏𝑢𝑦

). 𝛿𝑡 ; ∀𝑡 ∈ {1,2. . . . . . 𝑇}

(6.11)

(1 − 𝜅1𝑠𝑒𝑙𝑙 ). 𝛾𝑡 ≤ 𝛽𝑡𝑠𝑒𝑙𝑙 ≤ (1 + 𝜅2𝑠𝑒𝑙𝑙 ). 𝛽𝑡 ;∀𝑡 ∈ {1,2. . . . . . 𝑇}

(6.12)

(1 − 𝜅1

). 𝛿𝑡 ≤ 𝛼𝑡

≤ (1 + 𝜅2

represents the maximum reduction of the import price of energy that the VPP

aggregator can afford and would be willing to sell to the prosumers. Effectively the
𝑏𝑢𝑦

VPP is subsidizing. 𝐾2

represents the maximum increase of the import price of

energy that the prosumers can afford and would be willing to buy energy from the
VPP aggregator. 𝐾1𝑠𝑒𝑙𝑙 represents the maximum reduction of the export price of
energy that the prosumers can afford and would be willing to sell to the VPP
aggregator. 𝐾2𝑠𝑒𝑙𝑙 represents the maximum increase of the export price of energy that
the VPP aggregator can afford and would be willing to buy energy from the prosumers.
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6.2 Developing Pricing Based on Demand Data for VPP
Operation
Typically, electricity suppliers at the distribution level of the grid use load profiles of
energy consumers to determine both the price and cost of energy for the consumers.
The load profile of prosumer 1, in Figure 4-9 was used, as it showed a significant peak
and off-peak period. As a result, N was considered to be 1. This is to investigate with
clarity what would happen when a VPP is allowed to sets its prices under a given
objective function. The parameters used in the simulation are presented in Table 6-1.
Table 6-1: Simulation parameter for scenario set-up.
Parameters
Ө1
Ө2
𝐷𝑒𝑝 𝑐𝑜𝑠𝑡
𝐸𝑖𝑏𝑎𝑡𝑡
𝐸𝑖𝑖𝑛𝑖𝑡
𝑐ℎ𝑔
𝐸𝑚𝑎𝑥,𝑖
𝑑𝑖𝑠
𝐸𝑚𝑎𝑥,𝑖

Specifications
2
1
0 pence/per unit
24 per unit
12 per unit
1 per unit
1 per unit
0 per unit

𝑐ℎ𝑔
𝐸𝑚𝑖𝑛,𝑖
𝑑𝑖𝑠
𝐸𝑚𝑖𝑛,𝑖
𝑏𝑢𝑦
𝐾1
𝐾1𝑠𝑒𝑙𝑙
𝑏𝑢𝑦
𝐾2
𝐾2𝑠𝑒𝑙𝑙
𝑆𝑂𝐶𝑖𝑖𝑛𝑖𝑡
𝑐𝑜𝑛𝑣

ϕ

0 per unit
0.5
0.5
0.5
0.5
50%,
1
1

T

48

𝜂

The optimisation problem is the community VPP SSW. This was obtained from F in
(4.27). The experiment was carried out in four scenarios by varying the weightings of
F. This is presented in Table 6-2, as follows:
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Table 6-2: Scenario 1b, 2b, 3b, and 4b.
Scenario 1b
Scenario 2b
Scenario 2b
Scenario 4b

W1
1
0
0
0.25

W2
0
1
0
0.25

W3
0
0
1
0.25

W4
0
0
0
0.25

Scenario 1b, can be described as optimising strictly for the VPP aggregator in terms
of maximising profit. Scenario 2b can be described as optimising strictly in terms of
minimising the Prosumers’ net cost. Scenario 3b can be described as optimising
strictly in terms of the VPP CPI for DSM. Scenario 4b can be described as optimising
in terms of considering all the VPP stakeholders.

6.3 Optimisation Technique
A GA was used to develop optimised transaction prices in the aggregation market
and the amount of energy to be transacted that meets the objective of the VPP as
defined by the various weightings of F in the previous section in the various scenarios.
The decision variables are the prosumer buy and sell prices together with the charge
and discharge energy. To implement GA, an initial population of four thousand
𝑏𝑢𝑦

chromosomes was randomly generated considering the price constraints ( 𝐾1
𝑏𝑢𝑦

𝐾2

,

, 𝐾1𝑠𝑒𝑙𝑙 , and 𝐾2𝑠𝑒𝑙𝑙 ) and battery constraints. These chromosomes represents the

initial candidate solutions to the optimisation problem F. Each chromosome is
composed of genes which represents the decision variables. The chromosome
structure is presented in Figure 4-10.
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Figure 6-2: Chromosome.
Each gene represents the charge/discharge energy variable from each of the three
prosumer’s batteries respectively. Each gene is composed of 48 (T) DNA which
represents the decision variable in each time interval of t (half-hour) over the day’s
total number of time intervals, T. The fitness value of each chromosome was
calculated. Selection based on fitness value was used to eliminate half of the
chromosome population with the least fitness value. The eliminated candidate
solutions are replaced with the candidate solutions with high fitness value. Random
crossover points and random pairs were used to generate a new population. The
mutation is then applied to some of the new population. The cycle is then repeated
and done for 500 iterations in order to reach an optimum solution.

6.4 Results and Discussions
The results, discussion, and deductions made from the four scenarios of section 6.2
are presented as follows.

6.4.1 Results and Discussions for Scenario 1b
Using the weightings in scenario 1b, section 6.2, the VPP aggregator’s profit and the
prosumer’s incentives in scenario 1b, is presented in Figure 6-3, as follows.
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Figure 6-3: VPP aggregator’s profit and prosumer’s incentive in scenario 1b.
In Figure 6-3, the VPP aggregator makes a profit of 34 pence, while the prosumer
makes an incentive of -40 pence. The VPP aggregator is making a profit at the
expense of the prosumer who is not getting the incentives. This is because of the
weightings, which favours the VPP aggregator in terms of profit. This allows the VPP
aggregator to set prices and transact energy in such a way that it maximises profit.
Further clarity on this is presented in the developed prices in scenario 1b in Figure
6-4, as follows.
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Figure 6-4: Developed prices in scenario 1b.
In Figure 6-4, both the VPP import and export price is set based on the grid’s
requirement for DSM. The prosumer buy price of energy is set very high compared to
its sell price and the VPP import price. This is because of the weighting values which
favours the VPP aggregator in terms of profit (earlier discussed). Therefore, a high
prosumer buy price and a low sell price would result in a high profit for the VPP
aggregator. Figure 6-5, is the comparison of VPP energy transaction in scenario 1b.

Figure 6-5: Comparison of VPP energy transaction in scenario 1b.
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In Figure 6-5, the grid net price reflects the grid‘s peak and off-period. Energy is
exported to the grid in the off-peak period and is imported from the grid in the peak
period. This is because of the battery charging and discharging at the wrong time. The
charging and discharging of the battery at the wrong time is because of the prosumer
buy setting which make it most profitable for the VPP to import energy from the grid
to charge the prosumers’ batteries and meet their load demand at the same time,
than to discharge the prosumers’ batteries using the prosumer sell price to meet their
load and export energy to the grid. Figure 6-6, is the battery SOC in scenario 1b, 2b,
3b, and 4b.

Figure 6-6: Battery SOC in scenario 1b, 2b, 3b, and 4b.
In Figure 6-6, in scenario 1b, the prosumer’s battery attains a final SOC of 71%. The
battery SOC reduces during the off-peak period and increases during the peak period.
This is not good as the battery SOC is supposed to increase during the off-peak period
and decrease during the peak period. This is because of the battery charging and
discharging at the wrong time in both periods. Figure 6-7, is the cumulative
performance of the VPP in scenario 1b, 2b, 3b, and 4b.
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Figure 6-7: VPP cumulative performance in scenario 1b, 2b, 3b, and 4b.
In Figure 6-7, in scenario 1b, VPP CPI is 6.3%. This is very low, as it indicates that DSM
is not been provided to the grid. This is because energy is imported from the grid
during peak period and is exported to the grid during the off-peak period.

6.4.2 Results and Discussions for Scenario 2b
Using the weightings in scenario 2b, section 6.2, the VPP aggregator’s profit and the
prosumer’s incentive are presented in Figure 6-8, as follows.

Figure 6-8: VPP aggregator’s profit and prosumer’s incentive in scenario 2b.
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In Figure 6-8, the VPP aggregator makes a profit of -55 pence, while the prosumer
makes an incentive of 60 pence, so the prosumer gets an incentive at the expense of
the VPP aggregator who is not making a profit. This is because of the weightings,
which favours the prosumer in terms of minimising their energy net cost. This allows
the VPP aggregator to set prices and transact energy in such a way that it minimising
the prosumer net cost. Further clarity on this is presented in the developed prices in
scenario 2b in Figure 6-9, as follows.

Figure 6-9: Developed prices in scenario 2b.
In Figure 6-9, both the VPP import and export price is set based on the grid’s
requirement for DSM. The prosumer’s sell price of energy is set very high compared
to its buy price and the VPP export price during the peak period. While the prosumer’s
buy price of energy is set below the VPP import price of energy for the entire time
interval. This is unlike what was obtained in Figure 6-4. Also, during the peak period,
the VPP aggregator is compelled to buy energy from the prosumer at a price higher
than it sells to the grid and the prosumer respectively. These are attributed to the
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weightings earlier discussed. Figure 6-10, is the comparison of VPP energy transaction
in scenario 2b.

Figure 6-10: Comparison of VPP energy transaction in scenario 2b.
In Figure 6-10, using the grid net price, energy is imported from the grid in the offpeak period and is exported to the grid in the peak period. This is because of the
battery charging and discharging at the right time. The charging and discharging of the
battery at the right time by the VPP is because of the sell price setting which makes it
most profitable for the prosumer in terms of their net cost minimisation to import
energy and export energy to the grid during off-peak and period respectively. In Figure
6-6, in scenario 2b, the prosumer’s battery attains a final SOC of 0% at the end of the
48th Half-Hour. This is similar to what was obtained in the battery final SOC in section
4.10.1 when optimisation is made strictly for the prosumer’s net cost minimisation. In
Figure 6-7, in scenario 2b, the VPP CPI is 91.6%. This is higher compared to what was
obtained in scenario 2b, section 4.10.2, where the optimisation strictly considered the
prosumer net cost. The high performance for the VPP in scenario 2b, compared to
scenario 1b, despite optimising strictly for the prosumer net cost minimisation is
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because of the price settings in wholesale market which allows the VPP to set prices
and transact energy in such a way that the grid requirements for DSM in terms of CPI
is high when the prosumer net cost is minimise.

6.4.3 Results and Discussions for Scenario 3b
Using the weightings in scenario 3b, section 6.2, the VPP aggregator’s profit and the
prosumer’s incentives are presented in Figure 6-11, as follows.

Figure 6-11: VPP aggregator’s profit and prosumer’s incentive in scenario 3b.
In Figure 6-11, the VPP aggregator makes a profit of -7 pence, while the prosumer
makes an incentive of 16 pence. The VPP aggregator’s profit is lower compared to
what was obtained in scenario 1b, where the weightings favoured the VPP aggregator.
The prosumer’s incentive is lower compared to what was obtained in scenario 2b
where the weightings favoured the prosumer in terms of net cost minimisation. These
reductions are attributed to the weightings chosen in scenario 3b. These allow the
VPP to set prices and transact energy in such a way that only the technical case of the
VPP CPI is considered, the business case of the VPP is not considered. Whilst the
prosumer gets some incentives, this incentive is attributed to the price settings in the
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wholesale market earlier discussed in section 6.4.2. Figure 6-12 shows the developed
prices in scenario 3b.

Figure 6-12: Developed prices in scenario 3b.
In Figure 6-12, both the prosumer buy and sell price are randomly set not considering
the VPP’s business case in terms of the VPP aggregator’s profit and the Prosumer’s
incentives. The VPP transacts energy based on the exchange price 𝜆𝑡 in the wholesale
market to maximise the VPP CPI and sets the prosumer buy and sell price accordingly.
Figure 6-13, is the comparison of VPP energy transactions in scenario 3b.
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Figure 6-13 Comparison of VPP energy transactions in scenario 3b.
In Figure 6-13, using the grid net price, energy is imported from the grid during the
off-peak period, and is exported to the grid during the peak period, except during the
39th half-hour time interval when energy was imported from the grid during the peak
period. This is attributed to the battery maximum discharge energy which is equal to
the Prosumer maximum load in that interval. This results in the VPP unable to export
energy to the grid in that time interval. In Figure 6-6, in scenario 3b, the prosumer’s
battery attains a final SOC of 55% at the end of the 48th half-hour. The battery final
SOC is high compared to what was obtained from scenario 2b. This is because of the
CPI maximisation which accounts for utilisation of the off-peak period for charging of
the prosumer’s battery. In Figure 6-7, in scenario 3b, the VPP CPI is 97.9%. This is
higher compared to what was obtained in scenario 1b and 2b. Ideally, it is expected
that the VPP should attain a CPI of 100% given the weightings which strictly favours
the grid in terms of the VPP CPI. However, this was not possible because of the battery
maximum discharge constraints and the prosumer load earlier discussed.
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6.4.4 Results and Discussions for Scenario 4b
Using the weightings in scenario 4b, section 6.2, the VPP aggregator’s profit and the
prosumer’s incentives are presented in Figure 6-14.

Figure 6-14: VPP aggregator’s profit and prosumer’s incentive in scenario 4b.
In Figure 6-14 the VPP aggregator makes a profit of -14 pence, while the prosumer
makes an incentive of 17 pence. The VPP aggregator’s profit is lower compared to
what was obtained in scenario 3b in Figure 6-11, where the weightings favoured the
grid in terms of the VPP CPI. Also, the prosumer’s incentives are slightly higher
compared to what was obtained in scenario 3b in Figure 6-11 . The VPP aggregator is
operating at a loss despite optimising for the VPP stakeholders using equal weightings.
This loss is attributed to the relative magnitude of each stakeholder objectives, which
allows the algorithm to favour stakeholders with a relatively large magnitude. Figure
6-15 shows the developed prices in scenario 4b.

212

Figure 6-15: Developed prices in scenario 4b.
In Figure 6-15, the prosumer sell price is mainly above the prosumer buy price as well
as the VPP export price at the night peak. This is unlike the morning peak and the offpeak period. The change in prosumer buy and sell price from one-time interval to the
next or previous time interval is high, particularly for the prosumer sell price at peak.
Figure 6-16 is the comparison of the VPP energy transaction in scenario 4b.

Figure 6-16: Comparison of VPP energy transaction in scenario 4b.
In Figure 6-16 using the grid net price, energy is imported from the grid during the offpeak period, and is exported to the grid during the peak period, except for the peak
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period of the prosumer load when the VPP neither imports nor exports energy to the
grid. This is attributed to the battery maximum discharge energy which is equal to the
prosumer maximum load in that interval. This results in the VPP being unable to
export energy to the grid in that period. This because the energy discharged from the
battery is strictly used by the prosumer for meeting their load demand. In Figure 6-7,
in scenario 4b, the VPP CPI is 93.8%. This is higher compared to what was obtained in
scenario 1b and 2b and lower compared to what was obtained in scenario 3b. The
high performance of the VPP in scenario 4b demonstrates that the grid’s requirement
for DSM from the VPP is been accounted for in the stakeholders’ social welfare.

6.5 Conclusions
In this chapter, a methodology for setting DP for VPP/EES in a bidirectional flow of
energy that allows business transaction among VPP stakeholders’ during DSM has
been presented. Unlike the developed prices which were set based on hypothetical
data in chapter 4, where the MPS could reward its stakeholders to some degree
irrespective of the stakeholder objectives the optimisation is formulated to consider,
the results obtained in this chapter clearly showed that if VPP/EES were to set its
transaction prices and optimise with respective to a particular stakeholder objective,
the stakeholder under consideration benefits selfishly at the expense of others.
In scenario 1b, setting prices based on maximising profit F1 for the VPP aggregator,
benefits the VPP aggregator in terms of profit but results to the Prosumer having a
high cost as a result of high buy price of energy from the aggregation market. The grid
is also affected as the VPP CPI is very low (i.e. 6.7%).
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In scenario 2b, setting prices based on minimising the Prosumer net cost F2, benefits
the prosumer in terms of incentives, but the VPP aggregator is operating at a loss as a
result of the prosumer high sell price of energy in the aggregation market. The
prosumer battery also suffers in terms of SOC as the DOD attains 100%, which could
damage the battery.
In scenario 3b, setting prices based on maximising the VPP CPI, benefits the grid in
terms of DSM, but the VPP aggregator is operating at a loss. In scenario 4b, optimising
with respect to the VPP SSW with equal weightings doesn’t necessarily mean all the
stakeholders are better off. However, both the prosumer in terms of incentive and
battery SOC and the grid benefits. The VPP aggregator is still operating at a loss.
A better result could be obtained when the weightings are adjusted. One conclusion
drawn from this study is that if VPP with EES were to set transaction prices that
satisfies all stakeholders, it would involve the consideration of all stakeholders’
objectives. The weightings may not necessarily be the same, due to the difference in
magnitude. Also, the battery discharge constraints should be set to accommodate the
prosumer load and export energy to the grid when needed. Another methodology
that could be investigated in setting prices for VPP with EES is the use of game theory,
which was not used in this work as it was considered beyond the scope of this work.
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7 DISCUSSION
This chapter gives a critical reflection and discusses the results obtained in detail.
The research starts with a pilot study, which demonstrates the possibility of setting
up a community supply, a VPP financed by locals. It discusses the primary data
collection involved and provides hindsight on different pricing strategies based on
hypothesis and their impacts on VPP operation. It discusses the importance of the
proposed CPI and the formulated VPP SSW. Reflection on GA and the number of
prosumers used in the study is presented. It looked at the impact of the Peukert
conditions of battery storage on the VPP SSW. The impact of the VPP system with
alternative DER like EV and PV was discussed. The developed pricing based on national
demand was also critically assessed. Finally, achievements, limitations, and areas for
possible improvements were identified.

7.1 Reflection on the Pilot Study
The reflections made from the data source used in the pilot study as well as the
outcome of the pilot study are presented next.

7.1.1 Data Source
The data used for this study were primarily sourced through interviews. This makes
the data credible. They can be further improved by increasing the sample size and
sourcing more data from other areas with similar demographics.

7.1.2 Key Outcomes of the Pilot Study
The followings were the key outcomes of the study:


The deficit in grid power supply in Nigeria.
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Issue of energy wastage.



Potential for a community supply.

With respect to the deficit in the grid power supply in Nigeria, the results obtained
from the samples clearly showed that 97% of the households surveyed used privately
owned back-up generators in meeting their load demand for an average of 4 to 6
hours a day. This supports the existing study, which has demonstrated that over 30%
of the electricity consumed in Nigeria is produced privately.
The issue of energy wastage has been shown with clarity. The pilot study
quantitatively revealed the high wastage of energy as a result of improperly sized
generators and low utilisation factor of the generators. There is no study known to
the author where the energy wastage associated with these back-up generators has
been evaluated quantitatively in terms of the estimated load in comparison to the
generator size, as well as the generators’ utilisation factors.
The potential for a community supply was an interesting finding from this study. This
was based on the quantitative analysis of the cost of the energy produced, the initial
investment cost of purchasing these generators, and the cost of fuel over the
generator lifetime of eight years. There is no study known to the author where this
has been presented. The results can be further validated by taking samples of other
areas with similar demographics and power cut challenges.
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7.2 VPP Problem Formulation
The reflections on the VPP objectives are discussed based on the following
objectives.


VPP aggregator’s profit.



Prosumers’ net cost.



Grid benefits in terms of VPP CPI.



Prosumers’ net savings in terms of battery SOC.



VPP SSW.

The formulated VPP aggregator’s profit, the prosumers’ net cost, and the grid’s
benefit are backed by the existing literature as some of the key objectives of the smart
grid during scheduling of DER. The grid’s benefit in terms of the VPP CPI is covered in
the literature as the grid’s required load shape. Ideally, the grid’s required load shape
from the VPP should be estimated using the load factor. This was discovered to be
limited as discussed in section 4.4. The proposed CPI has not been presented by any
known author. It can be improved upon if it is formulated to include the amount of
energy that is actually transacted between the VPP and grid.
Prosumers’ net saving in terms of battery SOC is interesting, as there is limited
evidence of its optimisation in the literature. It was proposed to formulate this as part
of VPP’s objectives to prevent damaging the batteries. Further studies in this area can
investigate imposing the battery SOC as a penalty on the VPP’s objectives. The
formulated VPP SSW is a multi-objective optimisation. Multi-objective optimisation
has been covered in the literature. However, there are no studies known by the author
where the multi-objective problem for VPP which consists of the VPP aggregator’s
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profit, prosumers’ net cost, VPP CPI, and prosumers’ net savings in terms of CPI have
been presented.

7.3 Number of Prosumers and GA
The number of prosumers chosen to participate in the VPP was initially kept at three,
and later one in chapter 6. This is to clearly investigate how pricing strategies both at
the wholesale and aggregation market can encourage DSM for all stakeholders, with
a view of extending it to a larger number of prosumers in the future. This provided
clarity in terms of the results, particularly in the understanding that when VPP is
discharging prosumers’ battery during peak period with respect to the VPP
aggregator’s profit as an objective, it avoids discharging the prosumer battery with
the highest load. This is shown in Figure 4-17, and Figure 4-18. This is an area of
research that can be further looked at particularly in terms of the battery discharge
constraints.
The GA optimisation technique is also good current best practice, as it provides good
results but consumes time. Its application in the scheduling of DER under VPP has
been supported by the literature. The experiments took several hours on a GA
platform, despite a computer with the following specifications: 3.5 GHz Intel i7
processor, 16 GB RAM, 2 TB HDD. This was expected due to the computation of 3 X
24 X 1000 and 3 X 48 X 4000 for 500 iterations in MATLAB. Good results were obtained.
Further studies on using GA in VPP can be investigated based on scalability by
increasing the number of prosumers.
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7.4 Developed Pricing Based on Hypothetical Data
The initial pricing model development was based on the hypothesis that electricity
pricing should follow the load pattern of the grid. This resulted in the development of
the following pricing strategies which would be reflected upon.


Pricing based on percentage.



PPS.



MPS.



APS.

The similarities in the above prices are the presence of four prices simultaneously.
This includes the prosumers’ buy and sell prices of energy in the aggregation market,
and the VPP import and export wholesale prices, which allows for trading of energy
among the VPP stakeholders, with the VPP aggregator as the intermediary during the
bidirectional flow of energy between the prosumers and the grid. There is no evidence
in the literature that pricing has been investigated that way: the literature described
the aggregation market as immature. Also, existing models of pricing regarding DSM
were based on a unidirectional flow of energy where the prosumers’ selling price of
energy back to the grid is not considered together with its buy price. Developed
pricing models on ES have not considered pricing for all VPP stakeholders.
The interesting thing about the pricing developed is the idea that it is possible to have
a pricing mechanism in place that rewards all VPP stakeholders to some degree while
trading energy. The validity of this pricing was done based on measuring the welfare
of the various stakeholders. The results showed that is possible to have a pricing
regime for all VPP stakeholders and optimise with respect to any of the stakeholder
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objectives in terms of the VPP aggregator’s profit maximisation, prosumers’ net cost
minimisation, and VPP CPI, and still be able to reward all the stakeholders to some
degree. This was demonstrated by both MPS and APS in scenario 1a, 2a, 3a, 4a, and
5a in chapter 4. This possibility has not been covered in any literature.
The research further identified the price margin among the four prices as critical in
achieving this. The margin based on adjusting the prosumer sell price of energy at the
aggregation market further provides an understanding of how pricing at the
aggregation market has an overall impact on VPP operation. Developing pricing based
on margin may not be the only criterion as other criteria could be further investigated.
Also, it will be interesting to see the policy implication of these as electricity tariffs
must match with templates provided by policymakers. Further discussions on the
results obtained from the developed pricing based on hypothesis are covered in
section 7.5.

7.5 Results Obtained from Developed Pricing Based on
Hypothetical Data under VPP with EES.
The obtained results from the pricing that was developed in chapter 4, revealed
interesting results, which should be reflected upon. These are summarized as follows:


Any optimisation algorithm would always optimise to meets its objective with
any given price.



The best pricing model for a particular VPP objective may not be the best
pricing model for another objective in terms of the business case.



Validation of the possibility of a pricing regime that provides welfare to all
stakeholders under different VPP objectives.
221



The technical case is not necessarily maximized when the business case is
maximized or vice versa.



VPP stakeholders are relatively better served when optimisation is made to
consider both the business case and technical case.



The VPP aggregator’s profit is mainly affected by depreciation costs despite
VPP SSW optimisation.



The Peukert effect should be accounted for.

As demonstrated by results from scenarios 1a, 2a, 3a, and 4a, in chapter 4, where the
different price settings were tested under different optimisation functions, the results
obtained clearly meet the objective function irrespective of the given price. This brings
into question the assumed prices which have been used for VPP optimisation in the
literature. This is because the assumed prices that have been used for meeting VPP
objectives in the literature have not considered the impact of the given pricing on
another VPP stakeholder whose objective is not part of the formulated problem. A
typical example of this is shown by the results obtained from pricing based on
percentage and the PPS in scenario 1a and 2a where rewards were given to the VPP
aggregator in terms of profit and the prosumers in terms of net cost reduction
respectively at the expense of other stakeholders. This clearly indicates that future
pricing models that might be adopted in scheduling in VPP should not focus on a
particular stakeholder objective.
The results obtained from scenarios 1a and 2a, in chapter 4, provide an idea that the
best pricing model for a particular VPP objective may not be the best pricing model
for another objective. In scenario 1a, Table 4-5, chapter 4, optimising with respect to
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the VPP aggregator’s business case showed MPS is better than PPS and APS in terms
of the VPP aggregator’s profit. In scenario 2a, Table 4-6, in chapter 4, optimising with
respect to the prosumers’ business case showed the PPS is better than APS and MPS
in terms of incentives for the prosumers. This factor should be considered in future
research.
The VPP energy transaction pattern as measured by the CPI in comparison to the VPP
business case with different price settings validates the possibility of a pricing regime
that provides welfare to all its stakeholders. This is shown with clarity with MPS and
APS in scenario 1a, 2a, and 4a, in Table 4-5, Table 4-6, and Table 4-7, in chapter 4. This
could be further explored by determining the amount of welfare that is acceptable to
each of the stakeholder as well as the setting of price in that direction. This could
possibly be through the use of a key performance indicator.
MPS and APS in scenario 1a, Table 4-5, chapter 4 provide an understanding of
comparing and contrasting the VPP business and technical cases. It showed that MPS
provides higher business incentives and lower technical performance compared to
APS. This was further supported by scenario 3a. In chapter 4, using MPS and different
initial battery SOC gave results shown in Figure 4-31 and Figure 4-32, which clearly
show that the prosumers’ incentives and the VPP aggregator’s profits are not
maximised when the CPI is a maximum. This idea is new, clearly showing that the
economic model for VPP should not just focus on the business case alone, but also on
the technical case. The VPP CPI versus the initial battery SOC in Figure 4-30, shows the
technical aspect of the sizing of the battery because the battery has to have a charge
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of around 50%. This could be extended further by looking at finer resolutions of time,
as well as other battery constraints.
Results from scenario 5a which indicate that all the VPP stakeholders are relatively
better off when the SSW was optimized need to be considered particularly in future
studies where scheduling in VPP is carried out with respect to DSM. This is another
area that could make DSM attractive to every VPP stakeholder. This is supported by
the relatively high final SOC result obtained. The higher rewards for MPS compared to
APS are subject to the weightings used. Varying the weightings will produce different
rewards for the VPP stakeholders. This can be further explored by looking at Pareto
efficiency.
The results obtained from scenario 6a, Figure 4-47, Figure 4-48, Figure 4-54, and
Figure 4-55, in chapter 4, which show the impact of the depreciation cost more on the
VPP aggregator’s profit compared to the prosumers’ incentives, batteries final SOC,
and VPP CPI despite optimizing for the VPP SSW, clearly demonstrate what would
happen to the VPP aggregator’s business case when it was made to account for the
battery depreciation cost alone in an optimisation that is made to consider all VPP
stakeholders. This raises the question of who accounts for the battery depreciation
cost when an objective function is formulated to consider the VPP SSW. This is
because the VPP SSW gives all stakeholders the reward of the market. Therefore, it
becomes critical to identify how the battery depreciation cost can be accounted for
by the stakeholders. This should be considered by policymakers. This could be further
investigated by imposing the depreciation cost on the VPP SSW.
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The results obtained from section 4.15, clearly justify previous studies carried out with
regards to the Peukert effect. This is shown by the reduction in the VPP aggregator’s
profit, prosumers’ incentives, VPP CPI, and the underutilisation of the battery during
DSM.

7.6 Results Obtained from Pricing Based on Hypothetical
Data under VPP with Alternative DER
The results obtained by comparing the VPP under EV and the VPP under EES in section
5.7.1, show how much impact the VPP stakeholders are affected in their rewards
when optimization is focused on a particular stakeholder objective with a given price.
The results comparing the VPP business model under EV with its business model under
EES show a smaller impact on prosumers’ incentives as compared to the VPP
aggregator’s profit and the VPP CPI. The results could be different if variations of
prosumers’ behaviour are investigated.
The results from the integration of community PV generation along with the EES in
VPP operation in Figure 5-9, Figure 5-12, Figure 5-13, show the benefits of PV
generation for both the VPP business and technical cases. There is a potential for
micro-grid which can operate as VPP. The work also shows how pricing, solar
generation, and PV size affect the CPI of the VPP. One area that needs improvement
is the formulated CPI, in terms of how it can be used to assess VPP performance whose
energy exchange is affected by the solar generation.
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7.7 Pricing Strategy Developed Based on Demand Data
The justification for the use of minimum and maximum variation of the import and
export price as a basis for setting the prosumer buy and sell price in the aggregation
market in section 6.1.2, was based on the identification of price margin as an
important criterion which determines stakeholders’ welfare of VPP with EES during
bidirectional flow of energy.
The results obtained in chapter 6 (section 6.4.1, 6.4.2, and 6.4.3) by developing pricing
based on a particular VPP stakeholder’s objectives showed what would happen when
VPP is allowed to set prices without looking at the objectives of all the stakeholders
involved. The study clearly showed the setting of prices and the maximisation of
reward for the stakeholder considered was achieved at the expense of other
stakeholders. This is demonstrated in scenario 1b, by the high profit for the VPP
aggregator at the expense of the prosumers’ incentive and the VPP CPI as shown in
Figure 6-3, Figure 6-4, Figure 6-7; in scenario 2b, by the high incentive for the
prosumer at the expense of the VPP aggregator’s profit, and the battery SOC as shown
in Figure 6-8, and Figure 6-6, in scenario 3b by the high VPP CPI at the expense of the
VPP aggregator’s profit as shown in Figure 6-7, Figure 6-14. These provide an
understanding and a justification why intelligent means of developing pricing for VPP
with EES should holistically look at the welfare of all the stakeholders involved.
Developing prices based on the VPP SSW in scenario 4b, section 6.4.4, show some
degree of rewards for the stakeholders, as the prosumers’ incentives, VPP CPI and the
battery SOC were accounted for. However, despite the equal weightings used the VPP
aggregator was still operating at a loss. This area can be further explored by varying
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the weightings, and investigating which weighting combination is attractive for all the
stakeholders. This can also be looked at using game theory. The whole idea is to make
DSM attractive to all VPP stakeholders.

7.8 Conclusion
The reflections made in this chapter has identified the achievements of this work and
the areas for possible improvements. It critiques the possibility of local investment in
community supply like the VPP, as well as the possibility of a pricing design which
would make VPP with EES attractive to its stakeholders. Reflection on the results
obtained from the initial pricing strategy based on hypothetical data and that of the
national demand data shows that depending on how prices are set and how
stakeholders’ objectives are formulated, VPP with EES with bidirectional flow of
energy during DSM could be attractive.
It would be interesting to develop a prototype which could be tested in ideal
conditions. This is because the present work is only an experimental model. The
results obtained from the prototype could be the basis for implementing a pilot
project on community VPP. The conclusion and recommendations for further
improvement of this work are presented in the next chapter.
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8

CONCLUSIONS AND RECOMMENDATIONS FOR
FUTURE WORK

This chapter provides the conclusions of the work and some suggestions for future
research.

8.1 Conclusions
VPP is an aggregation of large units of DER at the distribution level of the grid that
can participate in the power market in order to provide welfare for its stakeholders.
The aim of this thesis is to explore the possibility of VPP for local communities and to
investigate pricing strategies which would make VPP attractive to its stakeholders
during DSM.
In order to achieve this, a pilot study was carried out in Nigeria, which forms a key
motivation for this research. The study demonstrates that energy consumers living in
some areas do already pay above the market price of electricity and could potentially
fund a community supply like the VPP.
An extensive literature review was carried on VPP; it was found that there was no
clarity in terms of price design that allows for trading of energy among the VPP
stakeholders in the bidirectional flow of energy through the VPP aggregator between
the grid and the prosumers that meet all the stakeholders’ objectives during DSM.
This was further complicated by the immaturity of the aggregation market.
In order to address these problems, an initial price design was developed based on a
hypothesis that accounts for the prices at which energy is traded among the VPP
stakeholders. The pricing models developed include the prices at which the VPP
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aggregator and the grid trade energy at the wholesale market and the prices at which
the prosumers and the aggregator trade energy at the aggregation market. The
different pricing models developed based on the hypothesis are pricing based on
percentage, PPS, MPS, and APS. A limited number of prosumers with EES managed by
a third-party VPP aggregator were investigated. A CPI was proposed which the grid
uses to assess the VPP performance in terms of DSM. An objective function for each
VPP stakeholder was formulated and based on that a VPP SSW which considered the
objectives of all the stakeholders was proposed.
A scenario-based experiment was carried out using a GA platform by varying the VPP
objective functions, Initial SOC, and depreciation costs. These represent different
scenarios. The following key conclusions were made:


An optimization algorithm used in scheduling in VPP operation with respect
to DSM would always optimize to meet its objectives based on the given price.
Though the pricing based on percentage was identified to be unrealistic based
on its energy transaction pattern, however, it was still able to meet the VPP
aggregator’s objective of profit maximisation.



It is possible to have a price design that meets all stakeholders’ objectives to
some degree while optimizing with respect to particular stakeholders’
objectives. This was demonstrated by MPS and APS.



The price margin that exists among the prices of all the VPP stakeholders is
critical to achieving welfare simultaneously for all the stakeholders during
DSM. This explains why MPS and APS provide relatively better welfare for all
stakeholders compared to PPS.

229



Given the pricing at the wholesale market, the pricing at the aggregation
market needs to be set correctly in order to accommodate the interest of all
stakeholders.



The VPP technical case in terms of VPP CPI during DSM is not necessarily
maximised when the business case (i.e. VPP aggregator’s profit and
prosumers’ incentives) is maximized or vice versa. This was demonstrated in
scenario 3a, in chapter 4.



Initial SOC is critical to achieving a high CPI. This is because it determines the
VPP ability to increase or decrease its dynamic load. This was demonstrated
in scenario 3a, in chapter 4.



The best pricing regime in terms of the VPP business case may not necessarily
be the best pricing regime in terms of the technical case. This was
demonstrated in scenario 1a, in chapter 4.



Optimizing with respect to the VPP SSW made all VPP stakeholders relatively
better off than optimizing with respect to particular stakeholders’ objectives.
This was demonstrated in scenario 5a, in chapter 4.



When VPP aggregators are made to account for the battery depreciation cost
in SSW optimisation, the increasing depreciation cost has much negative
effect on the VPP aggregator compared to other stakeholders.

Using MPS, the study was extended to consider the Peukert conditions of the
battery on the SSW optimization. It also looked at alternative DERs like EV and PV
in terms of prosumers’ net cost optimisation. The following key conclusions were
made:
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Peukert effects result in underutilisation of battery storage in VPP
operations in DSM. High Peukert conditions result in a high final SOC
further leading to a low VPP aggregator’s profit, low VPP CPI, and low
prosumers’ incentives.



Comparing the VPP stakeholders’ welfare under two different business
cases (i.e. EV and EES), showed that storage mobility has less effect on the
stakeholder the optimisation is formulated to consider. This explains why
the PC for the prosumers’ incentives in chapter 5 is low compared to the
VPP aggregator’s profit, and the VPP CPI.



The solar generation and PV size can affect the VPP CPI if CPI is to assess
VPP solely on energy that is exchanged.

The development of pricing strategies using hypothetical data showed the
possibility of having a price design that meets all VPP stakeholders’ objectives
during DSM under a bidirectional flow of energy between the prosumers and the
grid. As a result, an intelligent way of setting prices for VPP was further
investigated using the UK rolling system demand. The following key conclusions
were made:


Given any stakeholder objective and allowing VPP to set prices along with
the given objective, VPP would definitely set prices to meet the given
objective. The setting of prices in such a way would be achieved at the
expense of another stakeholder’s welfare.
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The best pricing model for a particular VPP objective is not the best pricing
model for another objective. This is shown with clarity from the results in
scenario 1b, 2b, and 3b in chapter 6.



The formulated VPP SSW provides the possibility that intelligent means of
setting prices can be achieved in a way that considers all stakeholders’
objectives.

The UK government has recently stated that, in the future, households’ excess PV
generation can be sold into the market to earn the consumers some incentives
[265]. Such a system would require VPP with EES. Depending on how prices are
set and the stakeholders’ objectives that are considered, such a system could be
attractive.

8.2 Recommendations for Future Work
The work presented in this thesis provides the foundation with which further research
can be made. Potential research directions are recommended as follows:


Validation for the potential of community supply for urban areas with power
cut challenges and similar demographics to the Nigerian study pilot study. This
should include how the management of such a system could be done and also
the issue of capital costs.



Further development of the VPP pricing model that includes a more accurate
model of the battery (degradation, Peukert effect), solar generation, and
mobility of EV, together with different demand patterns.
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o Due to the impact of initial SOC on the VPP CPI, it is recommended that
future research should account for battery size during scheduling in
VPP operation under DSM.
o The formulated VPP SSW can be further investigated by looking at
Pareto optimality.
o Further study of the usage of the demand profile to develop a pricing
strategy needs to be studied by looking at other formulations of
equation 6.6.
o Use of more representative loads in the simulations. Typically, in the
UK, eight types of homes are used i.e. single person, the couple only,
couple with children, retired couple, etc.


The scalability, both in terms of a number of prosumers and also in terms of
days (accounting for the SOC aspects), of the simulation studies in the
scheduling of EES under VPP operation, ought to be further explored. Other
more efficient algorithms could be used to speed up the simulations.



Further study on the use of EV that involves a larger number of days, and more
varied driving patterns (different start and finish times, size of the battery,
distance of travel, speed of travel, weekday and weekends). How this could
help reduce the size of the storage at homes needs to be critically evaluated.



The validation of the research based on data sets from field measurements of
home electricity usage that can be obtained from smart meters.



Provide clarity for stakeholders on cost sharing. This should also include the
policy implications.
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Investigate the use of game theory in developing a pricing model among VPP
stakeholders that allows for trading with bidirectional flow of energy that
satisfies all stakeholders’ objectives during DSM.
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APPENDIX A: SURVEY QUESTIONNAIRE
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APPENDIX B: CALCULATIONS ON MULTIPLE
GENERATORS
Since about 29% of the household sampled use more than one generator for energy
back-up, mathematical addition, average, weighting average and assumptions were
made in order to assist in presentation of data and for analytic purpose.
The daily generator usage in hours for each household with multiple generators that
are used at separate intervals during a day 24hour period, was calculated as the sum
of the individual generator dispatched duration.
The rated power capacity for households with multiple generators that are dispatch
daily was calculated using a weighted average so as to take in to consideration the
varying degree of the rated power capacity and usage duration among each
generator that was dispatched for the day. The rated power capacity for households
that dispatch multiple generators daily is calculated as follows:
∑𝑁
𝑖=1 𝑝𝑖 . 𝑡𝑖
𝑃𝑒𝑞 =
∑𝑁
𝑖=1 𝑡𝑖

(B.1)

Here 𝑃𝑒𝑞 is the rated power capacity in kW (i.e. equivalent).
N is the Number of generator deployed for daily usage.
Pi is the rated power capacity of the individual generator dispatched for the day in
kW.
ti is the duration each of the respective generator is dispatched for the day in hours.
Estimating the rated power capacity for households with multiple generators that
are dispatched alternatively in a fixed sequence (say alternate days) was done by
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taking the average of the rated power capacity of all the generators dispatched. This
is calculated as follows:

𝑃𝑒𝑞 =

∑𝑁
𝑖=1 𝑝𝑖
𝑁

(B.2)

The total number of services per month for each household with multiple generators
is calculated as total number of service made TS on all generators per month, this
shown as follows:
𝑁

(B.3)

𝑇𝑆 = ∑ 𝑆𝑖
𝑖=1

Here Si is the number of service done per month on each generator.
The cost per service for households with multiple generator was evaluated as an
average cost per services CS using the following mathematical equation. This shown
as follows:

𝐶𝑆 =

∑𝑁
𝑖=1 𝑆𝑖 . 𝐶𝑖
∑𝑁
𝑖=1 𝑆𝑖

(B.4)

Here Ci is the cost per service.
The daily gasoline consumption 𝐷𝑓 for households that dispatch multiple generators
daily was calculated as the sum of the gasoline consumption of each individual
generator dispatched for the day.
𝑁

(B.5)

𝐷𝑓 = ∑ 𝐹𝑖
𝑖=1

Here Fi is the daily fuel consumption of the individual generator dispatched for the
day.
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The daily gasoline consumption in litres for household with multiple generators that
are dispatched alternatively in a fixed sequence was calculated as follows:

𝐷𝑓 =

∑𝑁
𝑖=1 𝐹𝑖
𝑁
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(B.6)

