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Abstract

Distributed Energy Resources (DERs) have been playing an increasingly important role
for managing households energy costs. DERs consist primarily of energy generation and
storage systems utilized by individual households or shared among them as a community.
This research proposes a framework to allocate shared energy storage within a community
and to then optimize the operational cost of electricity using a mixed integer linear pro-
gramming (MILP). The allocation options of energy storage include the option of private
energy storage (PES) and three options of community energy storage (CES): random, di-
verse, and homogeneous allocation. With various load options of appliances, photovoltaic
(PV) generation and energy storage set-ups, the operational cost of electricity for each
household is minimized to provide the optimal operation scheduling.

In addition to the electricity operational cost, energy storage utilization, and operation
fairness are used to compare different allocation options of storage systems. Computa-
tional results are presented on two real use cases: Waterloo, Canada and Ennis, Ireland.
For each case, one typical summer day and one common winter day are selected to simulate
different scenarios of the two seasons. Given the allocation options and ownership rates of
residential energy storage deployment, this research shows the advantage of using CES as
opposed to PES and evaluates the cost savings which can facilitate future deployment of
CES.

Keywords: Community energy storage, distributed energy resources, smart energy com-
munity, optimization, allocation
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Chapter 1

Introduction

This chapter introduces the motivation of this research, related research in the domain of
Home Energy Management System (HEMS) and Distributed Energy Resources (DERs) for
a single household and for communities, especially in the field of Energy Storage System
(ESS). Additionally, the objective and the structure of this thesis are introduced.
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1.1 Motivation

Global energy demand has continued to rise since the mid-20th century as a result of
industrial development and population growth. According to the historical record in On-
tario, Canada, electricity consumption increased by almost 250% from 1962 to 1990 [1] and
fluctuated between 140 and 160 terawatt hours from 1990 to 2018 [1] [2] as seen in Figure
1.1. Additionally, high industrial and residential growth caused grid stations to be at high
capacity [3], especially in cities such as Toronto and Ottawa which lead to potential risks of
power supply, such as power outage by overcapacity in a particular area. As a result, it is
challenging for the transmission system operators to provide reliable power to consumers.

Figure 1.1: Electricity consumption in Ontario, Canada between 1962 and 2018.

Source: [1], [2]

Reacting to the strong growth in electricity consumption, power systems are undergoing
a fundamental transition due to the emergence of renewable, distributed and flexible energy
resources that can actively manage consumers’ consumption, production and storage of
energy. The development of distributed energy sources has become a matter of priority
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to keep up with increasing demand and to limit greenhouse gas emissions. However, the
widespread adoption of renewable energy has been limited by its drawbacks, namely, the
variability and intermittency of generation that can lead to demand-supply imbalances and
challenges to grid operation. A key strategy to overcome such issues is the implementation
of improved intelligence and flexibility in the distribution network. In particular, smart
grids increase the electric energy efficiency by meeting the dynamic demand responses,
reducing the power loss from generation to consumption through energy storage, utilizing
new supplies of renewable green energy, including wind and solar, and the ever-increasing
use of microgrid, electric vehicles (EVs) and smart appliances.

Recently, the work presented in [4] has surveyed the field of smart grid and systemat-
ically reviewed recent literature. In a smart grid setup, households cooperate with aggre-
gators to help shape the successful operation of a more reliable power system and receive
some benefits from aggregators, such as value-added services and better energy manage-
ment. Though the authors indicate that the area of collaboration in energy management
system correspond to one of the most ”popular” topics in the field of smart grid, little
research has been done under the concept of ”sharing energy”, especially in the field of
ESS. Thus, this research takes the concept of community into account and aims to develop
a framework to share resources in a realistic community environment.

3



1.2 HEMS and DERs for a Single Household

Households can potentially play an important role in the demand side management of
energy services as a part of smart grid. They can control their smart appliances and share
information regarding their power consumption through a HEMS while using DERs to
adjust their electricity consumption [5]. For example, when households install DERs, such
as rooftop photovoltaic panels, to generate electricity for their daily power demand, over-
production of electricity can be controlled by the HEMS to allow the household to have
flexibility to store surplus power via the energy storages [6] or participate in local energy
markets which are introduced by the aggregator through smart grid communication [7] to
achieve economic efficiency. Thus, households would benefit from the smart grid technology
by taking control of their daily electric energy consumption more effectively, saving money,
and help protect the environment. Figure 1.2 shows common DERs and a HEMS in a
typical household.

Heating

Air

Conditioning

Photovoltaic

System

Lighting

Refrigerator

Clothes

Washer/Dryer

Dishwasher

Energy

Storage

Home Energy 

Management

System

Figure 1.2: HEMS and DERs in a single household.
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Recent research describes various models to optimize the coordination of DERs and
HEMS for households, which includes different constraints to take into account various
types of electric loads. First, HEMS is considered for a single household to improve the
its energy efficiency. In [8], the authors present mathematical optimization models of res-
idential energy hubs in smart grids, which optimally control all major residential energy
loads, storage and production components, including fridge, freezer, dishwasher, washer
and dryer, stove, water heater, hot tub, and pool pumps. After applying the proposed
model to a real household in Ontario, Canada, the results show that the household saves
on energy costs and peak demand while maintaining the household owner’s desired comfort
levels. Also, the work of [9] focuses on peak load reduction in commercial buildings and in-
dustrial facilities. The methods are presented using 15-minute-interval electric load data in
California to help building managers understand building energy consumption. The author
investigates methods to coordinate aggregations of residential thermostatically controlled
loads (TCLs), including air conditioners and refrigerators, to manage frequency and en-
ergy imbalances in power systems. Based on demand response (DR) paradigms, Markov
Chain models are developed to describe the temperature state evolution of heterogeneous
populations of TCLs and Kalman filtering is used for estimation.

In addition to mathematical optimization models, different approaches are used to solve
such problems. For example, the work in [10] evaluates the performance of heuristic al-
gorithms: Genetic Algorithm and Artificial Fish Swarm Algorithm to optimally schedule
appliances in a household. Also, in [11] the authors propose a long short-term memory-
based deep-learning forecasting framework with appliance consumption sequences to ad-
dress the schedules. The work in [12] develops a real time optimal schedule controller
for HEMS using a new Binary Backtracking Search Algorithm to effectively manage the
energy consumption.

DERs are also taken into account for a household to take the daily electricity con-
sumption more effectively. In [13], the authors propose a detailed HEMS structure, which
considers hourly pricing and peak power limiting, to determine the optimal day-ahead
appliance scheduling of a smart-household based DR strategies. All types of controllable
appliances and DERs have been explicitly modeled, which include water heater, air con-
ditioner, washing machine and dishwasher, EVs, ESS, and distributed generation at the
end-user premises. Moreover, [14] presents a mathematical model for the optimal energy
management of a residential building and proposes a centralized energy management sys-
tem (CEMS) framework for off-grid operation with energy production facilities, e.g., solar
rooftops and batteries. Energy production facilities which in conjunction with smart me-
ters can function as smart energy hubs coordinating the loads and the resources in an
optimal manner, and the model of each component of the hub is integrated within the
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CEMS. From the models, the optimal decisions are determined in real-time with realistic
parameter settings and customer preferences. Finally, the battery size of ESS is considered.
In [15], the authors formulate a model to determine optimal energy and power capacity of a
stationary battery storage in order to minimize electricity payments. Robust and stochas-
tic optimization for individual building are introduced, and these models are compared on
a real-world load data of a hotel in Croatia.

Consequently, the presented literature successfully analyzes individual household’s be-
haviors, and provides short term optimal operation schedules for households under different
scenarios. However, it does not take into account the community as a whole. Thus the so-
lution presented although optimal at the individual household level, it may not be optimal
at the community level.
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1.3 Community in Smart Grid

1.3.1 The Concept of a Community

The concept of a community has been seen in recent studies, which group multiple house-
holds together that are located in a particular area and interact with each other. Recent
studies start to analyze potential economical benefits based on the dispatch of residential
loads and distributed generation of households in a small community or an apartment,
such as optimal energy purchase price, an optimal schedule for certain period, etc.

The work presented in [16], [17], [18] describes various models considering the com-
munity as a whole to optimize households’ demand. First, the work of [16] proposes an
energy scheduling and distributed storage (ESDS) algorithm to minimize consumer energy
expenditure and maximize demand satisfaction simultaneously. After testing energy con-
sumption data of hundred flats, the ESDS algorithm was found to offer consumer-friendly
and utility-friendly enhancements. Moreover, in [17] the paper presents a DR scheduling
model by formulating a mixed integer linear programming (MILP) for the novel residential
community incorporating the current circumstances and the future trends of DR programs.
By testing on a real case in China, the presented model reduces the energy purchase cost
of user’s electricity consumption and decreases the peak load and peak-valley difference
of residential load. Furthermore, in [18] the authors propose a decentralized methodology
for optimal coordination of DERs, which calculates the energy purchase price of multiple
households. The proposed approach is based on Dantzig-Wolfe decomposition and column
generation, thus it allows to integrate any type of resource whose operation can be formu-
lated within an MILP. Finally, regarding battery size of ESS, related studies consider a
large, independent range, such as isolated microgrid [19], to analyze the optimal battery
capacity [20].

In summary, the models above consider large-scale instances covering a whole commu-
nity, however, their analysis is still at the individual household level without considering
the option of sharing these resources among the households as a community.

1.3.2 Sharing in a Community: Community Energy Storage

In contrast to individual energy storage, the field of Community Energy Storage (CES) is
now gaining more attention in various countries. The advantages of CES are significant as
they are easy to install and maintain, provide a better fit into smart grid, and can reduce
power loss and energy cost [21] [22].
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Community 

Energy Storage

Household 1 Household 2 Household 3

Household NHousehold 4

……

Figure 1.3: Schematic diagram of CES in a community.

Recently, related work focused on the relationship of the community size, CES, and
DERs with electricity generation (e.g., Photovoltaic (PV), wind generation). First, in
[23] the authors propose an approach based on center of gravity theory to determine the
location of CES for minimizing the annual energy loss. Also, they identified a proper
rated capacity of CES and its hourly dispatch strategy for achieving a desired annual load
factor, flattening the daily demand profile, and improving the voltage profile by the daily
demand profile and PV generation of a community. From the same authors, the work of [24]
proposes a strategy for optimal allocation of multiple CES units in a distribution system
with PV generation. It considers all possible benefits, e.g. energy arbitrage, peak power
generation, ans energy loss reduction. It also includes an optimal power factor approach
to dispatch CES units to improve load factors and voltage profiles.

Additionally, in [25] the authors calculate the optimal performance of CES, including
the round trip efficiency and annual discharge, levelized cost of electricity, and the inter-
nal rate of return by performing PV energy time-shift and using real demand data given
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different sizes of the community. Also, [26] formulates a stochastic constrained problem
based on the Lyapunov optimization theory to minimize the overall cost of the community,
including the cost of purchasing electricity from the main grid, and the cost of charging
and discharging ESSs. Moreover, the approach in [27], uses the k-means method to cate-
gorize customers by their electricity consumption patterns, and find the optimal capacity
of different DERs by formulating a linear programming optimization model and presenting
the concept of Peer-to-peer (P2P) energy trading. The presented work provides several
economic benefits to communities, such as maximizing the local demand and supply bal-
ancing, facilitating a P2P energy trading market paradigm, and providing guidelines of
appropriate shares of DERs for better constructing future networks.

Considering the studies of CES above, households in their community can be more
efficient in consuming and generating electricity. However, there is still room for improve-
ment. One direction is to is consider the fairness and economic feasibility of sharing energy
storage. Related approaches, e.g., multi-agent based models [28] [29], auction-based [30],
cooperative game-theoretic approach [31], are proposed to optimize energy consumption,
allocation, and management of ESSs for a smart grid.

The other research direction is focused on battery size of CES to reduce installation
and operational costs. For instance, [32] presents the CES at the community level which
groups them into communities of neighbors using real locations and road network. The
authors consider PV generation and installation costs to determine the optimum storage
size. In [33], the authors compare the technical and economic feasibility of single private
energy storage and CES with PV generation by formulating the problem as an MILP
with the objective of minimizing the costs of power received from the grid. Similarly, [34]
considers a sharing-based ESS architecture for any network size with an arbitrary number
of customers to find the optimal CES size. Finally, [35] proposes a multi-stage stochastic
program model to minimize community electricity purchase cost to support a new energy
management framework and obtain a suitable size of CES and distributed PV generation.
Therefore, for the optimal battery size of CES and various allocation options, households
have better ways to optimize their energy costs.
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1.4 Thesis Objective

From the studies presented in the previous section, the model formulation of integrating
energy storage has been developed widely, however, some features remain missing to make
the models less realistic, such as physical limitation of the energy storage systems, different
allocation options, fairness, etc. Therefore, the objective of this thesis are as follows:

� Develop a framework for effective allocations of CES using machine learning by con-
sidering different physical limitation, including geographical locations of households,
number of devices, equipment specifications, etc.

� Optimize households’ operations in a community systemically by considering various
types of appliances, DERs, and various operating conditions, such as summer and
winter.

� Present a software with a user interface which can be applied to general real cases
given appropriate input data.

� Analyze the computational results using two use-cases to evaluate the deployment of
shared energy storage.

This research develops a framework for effective allocations, utilization of CES, and
optimization of its operations. Machine learning methodology is used for allocating the
CES to different households given different battery size and number, and an MILP model
is presented to optimize the energy costs while satisfying household demand operations for
a community in a smart grid. To show the performance of the proposed approaches, two
real use cases are considered: Waterloo, Canada and Ennis, Ireland. The testing is done
on two typical days, one in the winter and one in the summer. Finally, the computational
results are presented graphically to show the advantage of using CES as opposed to PES.

The thesis is divided into four chapters. Chapter 2 describes the solution methodology,
including setting up a community based on machine learning methodology, allocating en-
ergy storage to households based on several criteria, and optimizing the operational cost
via an MILP model. The software with the user interface is also introduced in this chap-
ter. Chapter 3 simulates two real cases, which are Waterloo, Canada and Ennis, Ireland,
and presents computational results to compare different allocation options of energy stor-
age and their impact on costs and other KPIs. Chapter 4 highlights the conclusion and
discusses future research directions.
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Chapter 2

Solution Methodology

The proposed research aims to minimize the operational cost of electricity considering
various load options of appliances and PV and energy storage set-ups. The operation
scheduling for households is optimized given different allocation options of the energy stor-
age from private energy storage to community energy storage. The approach proposed
includes three parts: community setting, allocation options for energy storages, and oper-
ational cost optimization. The process flow of the solution approach is presented in Figure
2.1.

First, the community is set-up by considering the physical limitation of the network, for
example, households cannot connect to energy storage devices exceeding a given geograph-
ical distance. Additionally, for setting-up the community, the number of home appliances
and the number of PVs for the households are estimated depending on the historical data.
The second step is related to the allocation options for energy storage devices. In this
work, we consider four options to the households, including the option of PES and three
options of CES: random, diverse, and homogeneous allocation. Finally, the third step is to
optimize the operations of the energy storages and the households to obtain the minimum
electricity cost for the aggregator based on the various settings.
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Figure 2.1: Flow chart of the solution approach.
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2.1 Community Setting

The first step in the proposed approach is to consider a given region to apply the various
allocation options. All the data is collected based on the features of the households in
the given region, including its geographical location, temperature history, specifications of
devices, ownership rate of devices, and record of power consumption and generation, etc.
After gathering the data, the region is separated into communities based on households’
geographical locations by using k-mean approach. In this research, the communities are
defined by the distribution limitation of CES, such as the layout of electric power trans-
mission, the distance of distribution circuits, and the capacity of power rating, etc. The
k-means approach works iteratively to determine the K groups of the households using the
following equation:

J =
K∑
j=1

n∑
i=1

(
xji − cj

)2
(2.1)

The objective function (2.1) is to minimize the distance between the data point xi, that
represents the GPS coordinates of a given household i, to the centroid for cluster j, cj,
to allocate the data points to K groups. The data points are clustered based on feature
similarity, and the feature for communities is their geographical location. From objective
function (2.1), xji is the i-th household’s geographical location which has been assigned to
the j-th cluster with centroid location cj. To present the reality, the variable K would be
selected based on the size of the region and to meet the physical limitations of the system.
Household’s location is formed based on its corresponding address from Open Street Maps
and the household’s connection to the energy storage is assumed to follow the public roads
instead of crossing the private properties.

Additionally, the number of home appliances, including provincial load, uninterruptible
load, and thermal load, are determined by the ownership rate of devices for the households.
The ownership rate is collected from official data sources related to the region. Based on
the ownership rate, these devices are assigned randomly to the households. For example,
if the ownership rate of dish washer is 60% and there are 100 households, 60 dish washers
are formed and would be assigned randomly to these households. Similarly, the number of
PV systems and the number of PES are created by the ownership rate; the ownership rate
for various loads as well as the PV systems and the energy storage devices are varied to
study various scenarios.
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2.2 Allocating Energy Storage Systems

After the community set-up phase, the approach allocates the energy storage devices to
the households and forms local communities. Four allocation options for the local commu-
nities are considered: private energy storage (PES-single), community energy storage with
random allocation (CES-random), community energy storage with diverse allocation (CES-
diverse), and community energy storage with homogeneous allocation (CES-homogeneous).

The PES-single option is assumed when households have their own energy storage,
which is independent from other households. The other three options CES-random, CES-
diverse, and CES-homogeneous assume that several households in the local community
share a given CES. For the CES, households are clustered again using k-mean approach
(2.1), the clusters are determined based on the power consumptions of households, which
includes the provincial load. The number of groups in this case is K̄c and it is chosen based
on the number of CES desired for each community c.

After the K̄ clusters are determined, the households in the clusters are assigned to CESs
based on the allocation options, which are displayed in Figure 2.2. One assumption is that
all the CESs in one community are assigned to almost the same number of households. For
example, if there are 21 households with 5 CESs, CESs would be assigned 5, 4, 4, 4 and 4
households, respectively. Additionally, the proposed approach assumes that the household
would have higher motivation to install the energy storage when it has the PV system, and
vice versa.

When households are allocated to CESs, there are three allocation options which are
considered. CES-random states that households from the same cluster are assigned ran-
domly to any of the CES which the community has. CES-diverse implies that the house-
holds from the same cluster would be assigned uniformly to different CESs. As a result,
CESs will have households with different power consumption profiles. CES-homogeneous
states that the households from the same cluster would be assigned to one CES and hence
households with similar power consumption profile are assigned to the same CES. CES-
diverse and CES-homogeneous represent two extreme allocation scenarios and CES-random
is similar to the reality as the consumption profiles of the households might not be known
in advance.

In summary, Figure 2.3 provides a simple example that shows how the households are
allocated in a selected region. In this example, the selected target regions are separated
by using k-mean approach into three communities, i.e., K = 3. Then, given a total of
seven CESs in this region, the households are grouped by K̄1 = 3, K̄2 = 2, and K̄3 = 2,
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respectively. Based on the groups, the households are allocated to CESs based on the
selected allocation option.

………

CES #1 CES #2 CES #N

………

Group1

Group2

GroupN

………

………

…………

Group1
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………
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Figure 2.2: Different allocation options of the CES.
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Figure 2.3: An example for forming communities and allocations for CESs.
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2.3 Operational Cost Optimization

The third and last step is to have the optimization model to optimize the operations of
the whole system. In this formulation, the time horizon is considered to be 24 hours where
T = {0, ..., 23} with a time step, ∆T , of one hour. The mathematical formulation is given
below.

min
∑
t∈T

Πt∆TAt (2.2)

The objective function (2.2) is to minimize the total cost of purchasing energy from the
grid, while satisfying all operational constraints. The basic assumption is that there is only
one aggregator serving the grid and the objective minimizes the cost of the aggregator.

Amin ≤ At ≤ Amax ∀t ∈ T (2.3)

At =
∑
r∈R

Hr,t ∀t ∈ T (2.4)

For the aggregator, constraint (2.3) indicates that the aggregator must ensure that the
aggregated load At is within the range of the physical limitations. Constraint (2.4) states
the relationship between the households’ net load and the aggregated load at time t. For
each household’s net load Hr,t, the constraints are listed as below:

Hmin
r ≤ Hr,t ≤ Hmax

r ∀t ∈ T (2.5)

Hr,t = Dr,t −
∑
d∈Dr

C̃d,t +
∑
e∈Er

(Sch
r,e,t − Sdis

r,e,t) ∀t ∈ T (2.6)

Similarly, constraint (2.5) indicates the physical limitation of household’s net load. For
each household, constraint (2.6) states the relationship between the household’s net load
and the algebraic power from appliances installed in the household. In constraint (2.6), Dr,t

represents the summation of power consumptions from different types of home appliances.
Also, the power generation from the PV system C̃d,t and the net load coming from the
energy storage connected to that household is included. The PV system generates power
for the household and assumes that all power is only used by the household and does not
export to the grid.

Moreover, considering home appliances for a household, Dr,t is formed as constraint
(2.7), including provincial load, uninterruptable load, and thermal load. The constraint is
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shown as below:

Dr,t =
∑
d∈Dr

Ũd,t +
∑
d∈Dr

L−1∑
k=0

id,t−kĨd,k +
∑
d∈Dr

(θcd,t + θhd,t) ∀t ∈ T (2.7)

The provincial load Ũd,t includes the home appliances which are necessary for daily
use and cannot be controlled, e.g., refrigerator, lighting, etc. Then, the constraints of
uninterruptible load are formulated:

|T |−1∑
t=0

id,t = 1 ∀t ∈ T (2.8)

id,t ∈ {0, 1} (2.9)

The uninterruptible loads define the home appliances which the household owner can
turn on the devices in a specific period, and cannot be interrupted until the operations
finish, in other words, it has its single cycle of duration L, e.g., dish washer, clothes washer,
clothes dryer, etc. For each appliance, it has its power consumptions in its cycle at time
k, which means Ĩd,k, and it is received by the specification of appliance from the case.
Constraints (2.8), (2.9) describe the status of uninterruptible load at time t, constraints
(2.8) define that each appliance can be opened once during period T . Additionally, the
cycle of the appliance is assumed to operate completely once it is triggered. The constraints
for thermal load are displayed as follows:

Θd,t+1 = adΘd,t + (1− ad)(Θamb
d,t −Θm

d,t) ∀t ∈ T (2.10)

ad = e
−∆T /CdRd (2.11)

Θm
d,t = Rdηd(θ

c
d,t − θhd,t) ∀t ∈ T (2.12)

tcd,tθ
min
d ≤ θcd,t ≤ tcd,tθ

max
d ∀t ∈ T (2.13)

thd,tθ
min
d ≤ θhd,t ≤ thd,tθ

max
d ∀t ∈ T (2.14)

tcd,t + thd,t ≤ 1 ∀t ∈ T (2.15)

tcd,t, t
h
d,t ∈ {0, 1} (2.16)

Θset
d − γ ≤ Θd,t ≤ Θset

d + γ ∀t ∈ T (2.17)

Θd,T = Θset
d (2.18)

The thermal load includes heating, ventilation, and air conditioning (HVAC) which con-
trols the indoor temperature of the household. It is normally formed as constraints (2.10)
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to (2.18). Constraint (2.10) shows the indoor temperature of next time step is influenced
by the current indoor temperature, ambient temperature, and modified temperature from
HVAC. ad is the parameter defined from thermal capacitance Cd and thermal resistance Rd

(2.11). When HVAC adjusts the temperature, it has its working efficiency factor ηd, and
it can control the temperature based on cooling mode or heating mode at time t (2.12).
Constraints (2.13)-(2.16) show that HVAC can open either cooling mode or heating mode
at time t corresponding its power consumption θcd,t or θhd,t. Moreover, the indoor tempera-
ture has the range which allows γ degrees tolerance compared to the setting temperature
by HVAC (2.17). Finally, constraint (2.18) assumes that the final indoor temperature after
calculation should be equal to the setting temperature.

Energy storages are used to store power generated by PV systems or adjust households’
power consumption. The constraints of energy storage consider both types: PES and CES,
which are shown as below:

Bmin
e ≤ Be,t ≤ Bmax

e ∀t ∈ T (2.19)

Sch
e,t =

∑
r∈Re

Sch
r,e,t ∀t ∈ T (2.20)

Sdis
e,t =

∑
r∈Re

Sdis
r,e,t ∀t ∈ T (2.21)

Constraint (2.19) indicates that the battery state of charge must be within the range
of physical limitations. Constraint (2.20) states that the overall charging power is modeled
as the summation of the charging power by the set of households connected to storage e.
Similarly, the overall discharging power is modeled, see constraint (2.21).

∆T (ηchSch
e,t −

1

ηdis
Sdis
e,t ) = Be,t −Be,t−1 ∀t ∈ T (2.22)

Sch.min
e ≤ Sch

e,t ≤ Sch.max
e ∀t ∈ T (2.23)

Sdis.min
e ≤ Sdis

e,t ≤ Sdis.max
e ∀t ∈ T (2.24)

schr,e,tS
ch.min
e ≤ Sch

r,e,t ≤ schr,e,tS
ch.max
e ∀r ∈ Re,∀t ∈ T (2.25)

sdisr,e,tS
dis.min
e ≤ Sdis

r,e,t ≤ sdisr,e,tS
dis.max
e ∀r ∈ Re,∀t ∈ T (2.26)

schr,e,t + sdisr,e,t ≤ 1 ∀r ∈ Re,∀t ∈ T (2.27)

schr,e,t, s
dis
r,e,t ∈ {0, 1} (2.28)

Additionally, the battery efficiency is considered. Constraint (2.22) states the internal
dynamic of the battery at a given time step t. The parameters ηch and ηdis are the transfer
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efficiency of battery when the energy storage is charging and discharging, respectively.
Constraint (2.23) and (2.24) model the charging power and discharging power from the
energy storage e which cannot exceed the maximum electric power capacity at time t.
Additionally, constraint (2.25)-(2.28) indicate that the energy storage cannot be charge
and discharge simultaneously from a given household r given time t. If several households
link to a CES, then Sch.min

e , Sch.max
e , Sdis.min

e , Sdis.max
e in constraints (2.25) and (2.26) are

replaced by Sch.min
r,e , Sch.max

r,e , Sdis.min
r,e , Sdis.max

r,e , respectively.

Finally, the data sometimes only provides an average amount for a given region without
any information on the performance of the individual devices of the households. In this
case, an estimate of the load of certain devices is used as follows:

C̃d,t = ρcd,tC
avg
d,t + 0.01εcd,t ∀t ∈ T (2.29)

Ũd,t = ρhd,t(U
avg
d,t + 0.05εhd,t) ∀t ∈ T (2.30)

Θamb
d,t = Θavg

d,t + εtd,t ∀t ∈ T (2.31)

To differentiate the PV system among the various households, C̃d,t is generated con-
sidering the average PV performance and some random noise (2.29). The performance
of PV system ρcd,t follows a uniform distribution U(0.8, 1.2), and the random noise εcd,t
follows a normal distribution N (0, 1). The parameter Cavg

d,t indicates the average state
and is specific to the use-case. Moreover, it considers the difference in the households’
loads as well, so Ũd,t is created considering the household’s daily activities and random
noise, which is formed as equation (2.30). The coefficient ρhd,t differentiates households’

activities which follows a uniform distribution U(0.7, 1.3) and the random noise εhd,t follows
a normal distribution N (0, 1). The parameter Uavg

d,t indicates the average value from the

use-case. Finally, Θamb
d,t considers the environment random noise εtd,t, which follows uniform

distribution U(−1.5, 1.5) to simply vary the outside temperature for the HVAC in different
locations; Θavg

d,t indicates the initial data source from the use-case (2.31).

The optimization model presented is a mixed integer linear program, that can be dif-
ficult to solve for large number of households as it involves several discrete decisions and
time steps. However, the problem is decomposable to local communities once constraint
(2.3) is adjusted to the local community level and thus the scale of the computational chal-
lenge can be reduced dramatically. For instance, the problem decomposes to the number
of local communities (i.e., number of energy storage) and each local community’s operation
can be optimized independently. Therefore, the optimal cost for the aggregator would be
equal to the summation of the optimal cost for each local community independently, which
means the objective function of the cost optimization could be changed to (2.32) and the
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problem becomes decomposable over the number of local communities that are allocated
to one CES each.

min
∑
t∈T

Πt∆TAt = min
∑
e∈E

∑
r∈Re

∑
t∈T

Πt∆THr,t (2.32)

This significantly reduces the complexity of the problem and allow the solution of the
operations of multiple communities in parallel. This is particularly possible in the case
of CES-diverse as the local communities (i.e., households connected to the same energy
storage) will have very similar power consumption profiles and thus Amax can be divided
by the number of local communities and replaced in constraint (2.3).
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In summary, the general optimization problem can be displayed as follows:

[ESS-OPT] min
∑
t∈T

Πt∆TAt

s.t Amin ≤ At ≤ Amax (Aggregator)

At =
∑
r∈R

Hr,t (Aggregator)

Hmin
r ≤ Hr,t ≤ Hmax

r (Households)

Hr,t = Dr,t −
∑
d∈Dr

C̃d,t +
∑
e∈Er

(Sch
r,e,t − Sdis

r,e,t) (Households)

Dr,t =
∑
d∈Dr

Ũd,t +
∑
d∈Dr

L−1∑
k=0

id,t−k Ĩd,k +
∑
d∈Dr

(θcd,t + θhd,t) (Devices)

|T |−1∑
t=0

id,t = 1 (Devices)

Θd,t+1 = adΘd,t + (1− ad)(Θamb
d,t −Θm

d,t) (Devices)

Θm
d,t = Rdηd(θcd,t − θhd,t) (Devices)

tcd,tθ
min
d ≤ θcd,t ≤ tcd,tθmax

d (Devices)

thd,tθ
min
d ≤ θhd,t ≤ thd,tθmax

d (Devices)

tcd,t + thd,t ≤ 1 (Devices)

Θset
d − γ ≤ Θd,t ≤ Θset

d + γ (Devices)

Θd,T = Θset
d (Devices)

Bmin
e ≤ Be,t ≤ Bmax

e (Energy Storage)

Sch
e,t =

∑
r∈Re

Sch
r,e,t (Energy Storage)

Sdis
e,t =

∑
r∈Re

Sdis
r,e,t (Energy Storage)

∆T (ηchSch
e,t −

1

ηdis
Sdis
e,t ) = Be,t −Be,t−1 (Energy Storage)

Sch.min
e ≤ Sch

e,t ≤ Sch.max
e (Energy Storage)

Sdis.min
e ≤ Sdis

e,t ≤ Sdis.max
e (Energy Storage)

schr,e,tS
ch.min
e ≤ Sch

r,e,t ≤ schr,e,tSch.max
e (Energy Storage)

sdisr,e,tS
dis.min
e ≤ Sdis

r,e,t ≤ sdisr,e,tS
dis.max
e (Energy Storage)

schr,e,t + sdisr,e,t ≤ 1 (Energy Storage)

schr,e,t, s
dis
r,e,t, id,t, t

c
d,t, t

h
d,t ∈ {0, 1}
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2.4 Software and User Interface

In order to apply the proposed methodology to realistic use cases, a software with a user
interface is developed where the user can adjust the parameters and visualize the compu-
tational results, see Figure 2.4:

Figure 2.4: User interface.

The interface has multiple forms for the user. The user interface is designed to control
the model, where the user can enter all the parameters and execute the process step by
step. There are three options for execution: the first one “Allocation” executes the action
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of allocating households to a community, and also assigns home appliances, PV systems,
energy storages to households based on the parameter settings. After completing the
allocation step, the second option “Optimization” runs the optimization model to obtain
the minimal operational cost using ILOG CPLEX Optimization Studio 12.8. Finally,
based on the computational results, the third one “Analysis” can be used to review key
performance indexes, schedules of appliances for each household, and energy storage as
seen in Figure 2.4.

The first form “Initial Setting” controls the basic setting of the use-case, which includes
time period ∆T and T , provincial load Uavg

d,t , curtailable load Cavg
d,t , energy price Πt, and

ambient temperature Θavg
d,t , see Figure 2.4. Also, the households’ coordinates and number of

household is controlled in that form. The user can control the random seeds of the random
noise and the device’s performance easily, such as ρcd,t, ε

c
d,t, etc., and control the random

seeds of the random allocation option as well. The output of the CPLEX optimization
model can be saved if this option is selected. In addition, the allocation results on a given
geographical location can be displayed if the function is selected using the Open Street
Map.

Then, the form “Home Appliances” in Figure 2.4 focuses on calculating Dr,t. Using
this form, one can adjust all the parameters of home appliances, including the limitation of
specification (e.g., Amin, Amax, etc.), cycle time and power consumption of uninterruptible
load, indoor temperature setting, ownership rate of home appliances, etc. Based on the
input, the number of variables for each type of appliances and the upper and lower bound
of variables can be determined.

Additionally, the form “Photovoltaic Systems” in Figure 2.4 controls the parameters of
the PV system. It includes the ownership rate of the PV system, and the number of the
solar PV panels installed in each household. The household owner has a higher motivation
to install or be connected to an energy storage when it has a PV system, and vice versa.
When this option is selected, the allocation of energy storage would have higher priority
to be assigned to the household which has a PV system, and vice versa.

Moreover, the form “Energy Storage” in Figure 2.4 focuses on the allocation options
and parameters of energy storage. The allocation options can be selected in this form,
including PES-single, CES-random, CES-homogeneous, CES-diverse. Also, the ownership
rate, round-trip efficiency, battery capacity, initial status of the battery before optimization,
rated continuous power capacity can be controlled in this form. The parameter K for the
k-mean method can be determined as well, and there are some fool-proof mechanisms on
the input of ownership rate, number of CES, and K to avoid incorrect input. For example,
the number of CES can not be smaller than K. Finally, the assumption which all the CESs

23



in one community are assigned to almost the same number of households, can be controlled
in this form. If the function does not be selected, the allocation would not consider the
number of households and assign the households to CESs based on the random seed.

The status after community setting and allocation can be reviewed in Figure 2.5 and
2.6. In Figure 2.5, it can review basic input from the parameters, i.e., energy price Πt,
and ambient temperature Θavg

t , average provincial load of households Cavg
t , and average

PV power generation from PV systems Uavg
t . Figure 2.6 can review the allocation status

for all the households, including the number of home appliances, PV system, and energy
storage.

Figure 2.5: User interface: initial status.
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Figure 2.6: User interface: allocation.

The computational results can be analyzed graphically. In one form, the computational
results of selected variables for each household can be checked to confirm the optimal
schedule in a given period, e.g., the household power consumption Hr,t at each period t,
the charging power to the energy storage Sch

r,e,t, etc., see Figure 2.7. Also, the schedule of
the HVAC for the household can be reviewed graphically, see Figure 2.8.
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Figure 2.7: User interface: the optimal schedule of the household.

Figure 2.8: User interface: performance of the HVAC for the household.
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Finally, the charging and discharging schedule of each energy storage can be reviewed,
and the battery state of charge in each period can be checked as well, see Figure 2.9. For
each energy storage, the detailed charging and discharging power from the households at
each period can be checked graphically. Based on the charging and discharging proportion
from each household, the minimal and maximal ratio are shown as well, see Figure 2.10.

Figure 2.9: User interface: overall review of energy storages.
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Figure 2.10: User interface: detailed schedule of single energy storage.
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Chapter 3

Case Study

Two different use cases are selected to test the results of the proposed methods; one is
Ennis, Ireland, the other one is Waterloo, Canada. Next, a detailed description of the data
of the two use cases is given followed by the computational results and analysis.
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3.1 Case 1: Ennis, Ireland

The first use case is a region in Ennis, Ireland. It is a typical community in Ireland and it
contains 1024 households.

3.1.1 Parameter Setting

The ownership rates of home appliances for the households in Ennis are displayed in Table
3.1. All households are assumed to use necessary home appliances (e.g., refrigerator, light-
ing) which are categorized as provincial load. Also, the ownership rates of dish washer,
clothes washer, clothes dryer are taken from SEAI, Energy in Residential Sector 2018
Report [36]. Since the demand of air conditioner is significantly low in Ireland [37], the
ownership rate of air conditioner is assumed low in summer time; the ownership rate of
space heating using electricity is also calculated from SEAI, Energy in Residential Sector
2018 Report [36]. Moreover, a rooftop solar panel is assumed to be the main PV system
for a household, and households would use either PES or CES based on allocation options.
The ownership rates of PV systems and energy storages are varied to simulate different
scenarios.

Table 3.1: Ownership rates of home appliances in Ennis, Ireland

Devices Category Ownership rate

Dish washer Uninterruptible load 65%
Clothes washer Uninterruptible load 98%
Clothes dryer Uninterruptible load 65%
Air conditioner Thermal load 1%
Hydro space heating Thermal load 7%
Rooftop solar PV system 0% - 100%
PES or CES Energy storage 0% - 100%
Others Provincial load 100%

To represent a real scenario, parameters are created using the record in July 8, 2018
to represent a summer day and November 30, 2018, which is a typical winter day without
snowing. The parameters are displayed in Table 3.2.
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Table 3.2: Parameters of home appliances in Ennis, Ireland

Category Parameters Data Source, Assumptions

Period time ∆T = 1, |T | = 24 Simulating one day
Energy price Πt N2EX Day Ahead Auction Prices
Aggregator Amin = 0, Amax = 7.5× 1024
Household Hmin

r = 0, Hmax
r = 15

Provincial load Uavg
d,t CER, Electricity Smart Metering Technology

Trials Findings Report

Dish washer Ĩd,t = [0.83, 0.83, 0.83, 0.83] Eco50° program, Whirlpool, WFO-3P33-DL-X

Clothes washer Ĩd,t = [0.78, 0.78, 0.78, 0.13] Standard 60°C cotton program, Half load,
Whirlpool, FWG91284W

Clothes dryer Ĩd,t = [1.16, 1] Partial load, Whirlpool, HSCX-90423
Indoor temp. setting Θset

t = [18, 21] Recommended temp. in the living room
Ambient temp. Θavg

d,t ie.freemeteo.com

AC or Heating θmin
d = 0, θmax

d = 3.5, γ = 2
Cd = 2.5, Rd = 2, ηd = 2.5

PV system Cavg
d,t Courtown, Corporate Wexford, Ireland,

Suntech Hypro STP285S-20/Web modules, 8 pcs
PES battery Bmax

e = 13.5, Bmin
e = 0 Tesla Powerwall

PES efficiency ηch = 0.948, ηdis = 0.948 Tesla Powerwall
PES charging Sch.max

e = 5, Sch.min
e = 0 Tesla Powerwall

PES discharging Sdis.max
e = 5, Sdis.min

e = 0 Tesla Powerwall
CES battery Bmax

e = 250, Bmin
e = 0 eCamion Community Energy Storage

CES efficiency ηch = 0.948, ηdis = 0.948 eCamion Community Energy Storage
CES charging Sch.max

e = 500, Sch.min
e = 0 eCamion Community Energy Storage

CES discharging Sdis.max
e = 500, Sdis.min

e = 0 eCamion Community Energy Storage
CES charging Sch.max

r,e = 5, Sch.min
r,e = 0 eCamion Community Energy Storage

CES discharging Sdis.max
r,e = 5, Sdis.min

r,e = 0 eCamion Community Energy Storage
Initial battery SOC Be,−1 = 40%
Final battery SOC Be,23 = 40%

The simulation period is one day, which sets ∆T = 1, |T | = 24. The electricity price
at a period t, Πt, is extracted from N2EX Day Ahead Auction Prices [38], see Figure
3.1. For the aggregator, the capacity of power consumption is assumed Amin = 0 kW,
Amax = 7.5kW × 1024, and Hmin

r = 0 kW and Hmax
r = 15 kW for each household.

The provincial load Uavg
d,t is taken from CER, Electricity Smart Metering Technology

Trials Findings Report [39], which contains data of regular households without smart
meters, see Figure 3.1.

The home appliances are categorized as uninterruptible loads with A++ or better on
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the certification of energy labeling in the EU. A dish washer would operate 4 hours with
0.833 kW in each hour using the Eco50° program from Whirlpool, WFO-3P33-DL-X model.
A washer operates on 0.78 kW in the first three hours and 0.13 kW in the last hour on the
standard 60°C control program at half load from Whirlpool, FWG91284W model. A dryer
usually operates 112 minutes with 1.16 kWh at partial load from Whirlpool, HSCX-90423
model, which assumes that it consumes 1.16 kW in the beginning hour and 1 kW in the
last hour. Based on the information above, L and Ĩd,t are determined accordingly.

Moreover, considering the recommended temperature for the living room from Ireland
government, the thermal load assumes the indoor temperature setting of air conditioner
or hydro space heating Θset

t in the range [18, 21] °C. The ambient temperature record Θavg
d,t

is taken from ie.freemeteo.com, see Figure 3.1. For each thermal load, the capacity of
power consumption is assumed to be between θmin

d = 0 kW and θmax
d = 3.5 kW considering

normal usage. Based on the thermodynamic model, the following parameters are given:
thermal capacitance Cd = 2.5 kWh/°C, thermal resistance Rd = 2 °C/kW, and the working
efficiency factor ηd = 2.5 [9]. The tolerance between indoor and ambient temperature is
assumed γ = 2 °C.

The PV system consists of rooftop solar panel, which considers the specification of
Suntech Hypro STP285S-20/Web modules, and assumes that each household installs 8
panels if it owns a PV system. Cavg

d,t is taken from the solar PV system project of Courtown,
Corporate Wexford in Ireland [40], see Figure 3.1.
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Figure 3.1: Daily charts for the parameters in Ennis.

The parameters of PES are that of the specification of Tesla Powerwall [41]. The
battery state of charge is Bmax

e = 13.5 kWh and Bmin
e = 0 kWh. Efficiencies of charging

and discharging are ηch = 0.948 and ηdis = 0.948 respectively, yielding a 90% round-
trip efficiency. The power capacity of PES is Sch.max

e = Sdis.max
e = 5 kW and Sch.min

e =
Sdis.min
e = 0 kW.

Similarly, the parameters of CES are according to the specification of eCamion Com-
munity Energy Storage [42]. The battery capacity Bmax

e that can be achieved is 250 kWh
and Bmin

e = 0 kWh; the power capacity from households is Sch.max
r,e = Sdis.max

r,e = 5
kW and Sch.min

r,e = Sdis.min
r,e = 0 kW. The rated continuous power capacity of CES is

Sch.max
e = Sdis.max

e = 500 kW and Sch.min
e = Sdis.min

e = 0 kW, and efficiencies of charg-
ing and discharging are formed ηch = 0.948 and ηdis = 0.948, yielding a 90% round-trip
efficiency as well.

Finally, the initial battery status Be,−1 and the end battery status Be,23 are assumed to
be 40% of maximum battery state of charge. Bmax

e for CES would be an important factor
for the analysis, which means the maximum battery capacity will vary when the proposed
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approach analyzes the suitable battery size.

3.1.2 Community Setting

The first step before running the algorithm is to form communities which are built by using
k-mean approach. The geographical locations are used to cluster the households using their
longitude and latitude locations. In this case, K = 3 is used to form three communities
which refers to the distance limitation of CES and the road intersection, and the size of
these communities are 469, 297, 258, respectively, see Figure 3.2.

Figure 3.2: Region map and households’ locations in Ennis, Ireland.
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3.1.3 Computational Results

3.1.3.1 Features for PES

When households install PV systems and PESs, their electricity operational cost can
decrease significantly. Figure 3.3 indicates the percentage of operational cost reduction for
the aggregator when the ownership rate of PV system and PES increase. From Figure
3.3, the operational cost decreases linearly if the ownership rates increase. In the summer
period, if all the households own the PV system and PES, the maximum cost reduction
can reach to 55.45%. The PV systems can generate a substantial amount of power to the
households in summer, and therefore the cost reduction would be more significant when the
ownership rate of the PV system increase. In the summer day, the cost reduces to 10.34%
when all the households own the PES without installing the PV system, but the cost
reduces more to 45.91% when all the households own the PV systems without installing
the PES. In contrast, the power generation of the PV systems in the winter day cannot
provide enough support to the households, and the cost reduction is only 6.95% when all
the households own the PV systems without installing the PES. However, the reduction
remains at a similar level compared to the summer day when all the households own the
PES without installing the PV system (around 12.68%). Thus, PESs can provide a stable
cost reduction for the households, and PV systems can help households reduce their costs
in the summer. Households can have substantial cost reduction when both devices are
installed.
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Figure 3.3: Operational cost reduction varying the ownership rate of
PV system and PES in Ennis.

Additionally, the ratio of storing power and consuming power from the energy storage
is defined as (3.1).

Ω =

|T |−1∑
t=0

Sch
e,t/

|T |−1∑
t=0

Sdis
e,t (3.1)

In this case, the ratio Ω is the same for all the households whether in summer or winter,
which is 1.113. It implies that when the households know exactly the energy price and
their power consumption and generation are predictable, the ratio is determined only by
the efficiencies of charging and discharging; given the deterministic information, they can
calculate the optimal charging/discharging ratio and decide when they should charge and
discharge their own PES. When the efficiencies change, this ratio will change; the value of Ω
does not depend on the specification of the PV system, the ownership of home appliances,
and the ownership of PV system, etc.

From the scheduling point of view, all the PESs have similar activities on charging,
discharging, and similar battery state of charge in specific periods, which means the be-
havior patterns of the households would be almost the same to avoid spending money when
the energy price is high. Figure 3.4 shows the features of charging and discharging in the
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selected days which the households have the PV system and the PES. It indicates that
the households would charge the PES when the energy price is low and discharge when
the price is high assumed the maximum battery capacity is affordable; the points in the
scatter chart are located on the line y = x/1.113, meaning that the ratio is the same.

Figure 3.4: Features for charging and discharging of PES.
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Finally, when the households choose PES-single option, they would optimize their own
power consumption and generation without considering their neighbors in the commu-
nity, meaning that surplus power generation from each household cannot be used by its
neighbors, and thus the household cannot share or receive any resources for its commu-
nity. In contrast, when households select to install CESs, the surplus power can share to
their communities, meaning that households can have more flexibility from CES to reduce
the operational cost. However, optimal number of CES and battery capacity should be
determined by the size of community to avoid wasting resources.

3.1.3.2 Determining Battery Capacity of CES

From the specification, the maximum battery capacity of CES e is Bmax
e = 250 kWh.

However, to achieve the best economic benefit for the community, the number and the
capacity of CESs should be examined. Therefore, the battery capacity and the number
of CESs are varied in this section to simulate all possible scenarios and to obtain optimal
battery capacity. Assuming the ownership rate of CESs and PV system is 100%, the
average battery capacity for each household is simply calculated as (3.2).

Avg. Battery Capacity Per Household=
|E| · (Bmax)

|R|
(3.2)

Different battery capacities and number of CESs are considered and the average battery
capacity per household is given in Table 3.3. The value of Bmax has six options with a
minimum value of 40 kWh and a maximum value of 240 kWh and the number of CESs
varies from 10 to 150.
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Table 3.3: Average battery capacity for each household in Ennis

CES maximum battery capacity (kWh)

40 80 120 160 200 240

N
u
m

b
er

of
C

E
S

10 0.391 0.781 1.172 1.563 1.953 2.344
20 0.781 1.563 2.344 3.125 3.906 4.688
30 1.172 2.344 3.516 4.688 5.859 7.031
40 1.563 3.125 4.688 6.250 7.813 9.375
50 1.953 3.906 5.859 7.813 9.766 11.719
60 2.344 4.688 7.031 9.375 11.719 14.063
70 2.734 5.469 8.203 10.938 13.672 16.406
80 3.125 6.250 9.375 12.500 15.625 18.750
90 3.516 7.031 10.547 14.063 17.578 21.094
100 3.906 7.813 11.719 15.625 19.531 23.438
110 4.297 8.594 12.891 17.188 21.484 25.781
120 4.688 9.375 14.063 18.750 23.438 28.125
130 5.078 10.156 15.234 20.313 25.391 30.469
140 5.469 10.938 16.406 21.875 27.344 32.813
150 5.859 11.719 17.578 23.438 29.297 35.156

Next, for a given capacity and number of CESs, the optimization problem presented in
Section 2.3 is solved where each household connects to one CES using the random allocation
option and each household owns the PV system. The operational cost of the aggregator is
an output of the model. Figure 3.5 indicates that when the number of CES and the size
of battery capacity increase, the overall operational cost decreases. For example, in the
summer day, when the size of battery capacity is 160 kWh and the number of CES is larger
than 56 units, the operational cost would be lower than PES-single option. Similarly, the
same observation occurs when the size of battery capacity is 200 kWh and the number of
CES is larger than 64 units in the winter day. Thus, if the households decide to install
CESs, the average battery capacity for each household should be bigger than 12.66 kWh
in the winter day and larger than 8.9 kWh in the summer day to make the operational
cost lower. In other words, the range of average battery capacity for each household should
be within [12.66, 13.5] and [8.9, 13.5] to achieve better economic benefit in the winter and
summer day, respectively. Thus, the PV systems can provide the CESs with more flexibility
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to adjust the average battery capacity in the summer day in this case.

Figure 3.5: Operational cost varying battery capacity and number of CES.

Moreover, although operational costs can be reduced when the battery capacity of CES
increases, the marginal utility is diminishing. In this case, the operational cost cannot
decrease further when the average battery capacity of CES is bigger than 12.5 kWh in
the summer day. It implies that households can select CESs with suitable average battery
capacity instead of the biggest one to avoid wasted cost.

Finally, if considering capital cost, the households would have lower capital cost in-
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stalling CES than installing PES individually. Based on the formula from [32], the capital
cost of CES is calculated simply as (3.3):

Capital Cost = Cell Cost ·Bmax + Init. Inverter Cost× (
C-rate ·Bmax

3
)
0.7

(3.3)

Based on the assumption [32], the capital cost is calculated based on battery properties
that are given in Table 3.4. The capital cost of CES for each combination which achieves a
similar or lower operational cost as that of the PES-single option is calculated and compared
with the anticipated capital cost of PES (Tesla Powerwall quoted at $6200 including the
supporting hardware [32]). The capital cost of CES is much lower than PES as shown in
Table 3.4.

Table 3.4: The capital costs of CES combinations

Property Value of Function

Cell Cost $250/kWh
C-rate 0.5

Init. Inverter Cost $1500

Number Average Operational Capital
Date of CES Bmax Battery Cap. Cost Cost

Winter Day 120 108 12.656 2,007,758.49 4,601,330
Winter Day 160 81 12.656 2,007,624.53 4,724,038
Winter Day 200 65 12.695 2,006,981.23 4,840,211
Winter Day 240 54 12.656 2,007,574.82 4,915,993

Summer Day 80 116 9.063 784,008.62 3,274,105
Summer Day 120 76 8.906 784,240.49 3,344,477
Summer Day 160 57 8.906 783,752.18 3,440,427
Summer Day 200 46 8.984 782,622.28 3,548,377
Summer Day 240 38 8.906 784,055.09 3,590,524

Number Average Operational Capital
Date of PES Bmax Battery Cap. Cost Cost

Winter Day 1024 13.5 13.5 2,009,307.04 6,348,800
Summer Day 1024 13.5 13.5 784,987.53 6,348,800
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In summary, the aggregator and thus households have a lower capital costs and oper-
ational costs when they install CES as opposed to having PES. There is also a trade off
between the number of CES and the battery capacity, the capital cost is lower when having
fewer CESs with a high battery capacity.

3.1.3.3 Allocation Options for CES

For different allocation options, a comparison of operational cost for each household is
examined. Figure 3.6 states the comparison of operational cost among three allocation
methods: CES-random, CES-diverse, and CES-homogeneous when the average battery
capacity for each household increases. The result displays that the optimal costs of CES-
diverse are slightly lower than the operational cost of CES-random, and the cost of CES-
homogeneous is higher than the others. It implies that if the CES serves the households
that have similar power consumption pattern, the performance is worse than if CES serves
the households with different power consumption patterns.

Figure 3.6: Operational cost for different CES allocation options.

Compared to the PES-single option, CESs have similar charging and discharging pat-
terns but CES options are more stable whether in summer or winter. Figure 3.7 provides
an example where 57 CESs each of size 160kWh are allocated and the operational cost
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is similar to the PES-single option (Table 3.4). The charging, discharging, battery state
of charge and the ratio of charging and discharging from different CESs are given on the
summer day. The CES-diverse option causes the CESs to have almost the same patterns
for charging, discharging and battery state of charge. In contrast, the CES-homogeneous
option have different patterns on charging, discharging and battery state of charge. For
the CES-random option, the patterns are between CES-diverse and CES-homogeneous.

Figure 3.7: Comparing battery charging, discharging, state of charge,
and ratio of charging vs discharging among different CES allocation

options in summer: [R] CES-random [D] CES-diverse [H]
CES-homogeneous.

Additionally, the sum of the loads at each period (
∑

r∈Re
Hr,t) of the households con-

nected to each CES also show that the CES-diverse option causes the CESs to have almost
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the same patterns in each period, and total household load (
∑

r∈Re
Hr) for each CES is

similar to each other. In contrast, the operation pattern of the CES-homogeneous option
and total household net load is significantly different for each CES, and the CES-random
option is between CES-diverse and CES-homogeneous, see Figure 3.8. It implies that the
CES-homogeneous option would cause some CESs to have heavier operation load.

Figure 3.8: Comparing the households’ load in each period and total
households’ load connected to the same CES for different CES

allocation options in summer: [R] CES-random [D] CES-diverse [H]
CES-homogeneous.

Moreover, when the per household utilization of energy storage is considered, the house-
holds charge/discharge less often when installing CESs than installing PES. The utilization
for each household is calculated as (3.4), which considers the time of using energy storage
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whether charging or discharging in period T .

Per Household Utilization =

|T |−1∑
t=0

schr,e,t +
|T |−1∑
t=0

sdisr,e,t

|T |
× 100% (3.4)

Figure 3.9 indicates the histogram of utilization for 1024 households where 57 CESs
each of size 160kWh are allocated with different allocation options. When the households
choose CES, the average utilization rate is around 44.15% to 45.13%, which means that
the households usually spend 10.6 to 10.83 hours to charge or discharge power to save
costs. In contrast, the average utilization rate rises to 49.67% if 1024 households use PES-
single option, meaning that the households have to spend more time to achieve the same
operational cost. The right-bottom of Figure 3.9 shows that most households have higher
utilization which is above 50%.

Figure 3.9: Comparing per household utilization rate of the energy
storage among different allocation options in the summer day: [R]

CES-random [D] CES-diverse [H] CES-homogeneous [P] PES-single.

45



Specifically, Figure 3.10 represents the time spent charging and discharging by house-
holds. It shows that some households spend more time either charging or discharging
when they use PES-single option, and that is the reason why the average utilization rate
is higher. In contrast, the overall frequency of charging and discharging is similar among
the various CES options. This has a significant impact on the life cycle of the battery and
thus the CES will have a better life span than the PES due to the amount of charging and
discharging.

Figure 3.10: Comparing charging and discharging times of households
among different allocation options in the summer day: [R]

CES-random [D] CES-diverse [H] CES-homogeneous [P] PES-single.

Furthermore, when considering the overall utilization of CESs (as given in (3.5)), the
CES-homogeneous option has more variations on the time of charging and discharging,
see Figure 3.11. This is due to the consumption profiles of the households connected to
the same CES as in this case some CESs need to be used more frequently to satisfy the
demand of the households with high loads, and some CESs are not used frequently since
the households have a lower load.
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Overall Utilization =

∑
r∈Re

|T |−1∑
t=0

schr,e,t +
∑
r∈Re

|T |−1∑
t=0

sdisr,e,t

|Re| × |T |
× 100% (3.5)

Figure 3.11: Comparing overall utilization rate of CESs among
different CES allocation options in the summer day: [R] CES-random

[D] CES-diverse [H] CES-homogeneous.

Finally, considering the households’ behavior that are connected to the same CES,
though CES-homogeneous option have more variations, it has better fairness than the
other options. Figure 3.12 indicates the histogram using the same example above, which
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compares the three different options using the average and the standard deviation of the
ratio of charging and discharging for households connected to the same CES. The index is
calculated as 3.6:

Ωr =

|T |−1∑
t=0

Sch
r,e,t/

|T |−1∑
t=0

Sdis
r,e,t (3.6)

The CES-random option and the CES-diverse option have larger average and standard
deviation, meaning that the households do not fairly charge/discharge. In one CES, some
households have significantly higher ratio than the others, which means they provide power
for the others. In contrast, the CES-homogeneous option have lower average and standard
deviation, it implies that all households in one CES fairly charge/discharge. Moreover,
Figure 3.12 also provides the charging/discharging ratio Ωr of all 1024 households. If the
households select CES-homogeneous option, the ratio has frequencies close to 1, which it
is more fair. In contrast, the CES-random option and the CES-diverse option have more
outliers and the ratio is sometimes greater than 4.
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Figure 3.12: Fairness comparison for different CES allocation options
in the summer day: [R] CES-random [D] CES-diverse [H]

CES-homogeneous.

In summary, when households in Ennis connect to CES, some households would charge
the CES while other households use this stored energy to minimize the overall costs. It
has advantages that the households can share the power if they do not urgently need to
consume that power when the energy price is high. For example, when the residents are
not at home in a particular day, the power consumption of that household would be low,
and the surplus of the generated power from the PV system of this household can be stored
to the CES and used by the community neighbors. However, the fairness of utilizing the
community energy storage system should be considered, in other words, it might cause
problems if the ratio of charging and discharging is not satisfactory in a given community,
causing some households to always to donate power to other households.
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3.2 Case 2: Waterloo, Canada

For the second use case, a region in Canada is examined to simulate the results. The
region is located in Waterloo, Ontario, Canada. The area contains 1133 households and
the farthest physical distance between two households is 1.2 kilometers, which is suitable
for installing CES.

3.2.1 Parameter Setting

The parameters are given according to the record in August 6, 2018, which is a typical
summer day, and December 16, 2018, a common winter day without snow in Waterloo,
Ontario, Canada. The parameters are displayed in Table 3.5.

The simulation period is one day, which sets ∆T = 1, |T | = 24. Also, Πt is from Hourly
Ontario Energy Price [43], see Figure 3.13. For the aggregator, the capacity of power
consumption is assumed Amin = 0 kW, Amax = 7.5kW × 1133 households, and Hmin

r = 0
kW and Hmax

r = 15 kW for each household.

The provincial load Uavg
d,t is taken from IESO [44], which multiplies the proportion of

households by the overall daily power consumption in Ontario, see Figure 3.13. Also, the
home appliances categorized as uninterruptible load assume that the households use the
same devices with ENERGY STAR certification in Canada in 2017 [45]. A dish washer
would operate 2 hours with 1.2 kW in each hour. Also, a clothes washer would consume
0.75 kW and a clothes dryer operates 1.65 kW in an hour. Based on the information above,
L and Ĩd,t can be determined.

Moreover, considering the Canadians’ life habits [46], the thermal load assumes the
indoor temperature setting of HVAC Θset

t is in the range [20, 24] °C in summer and [18, 21]
°C in winter. The ambient temperature record Θavg

d,t is taken from timeanddate.com, see
Figure 3.13. For each air conditioner and space heating, the capacity of power consumption
is considered as θmin

d = 0 kW and θmax
d = 5 kW. Based on thermodynamic model, thermal

capacitance Cd = 2.5 kWh/°C, thermal resistance Rd = 2 °C/kW, and the working effi-
ciency factor of HVAC ηd = 2.5 [9]. The degree tolerance is assumed to take a value of
γ = 2 °C.

The PV system consists of a rooftop solar panel, which considers the specification of
Canadian Solar CS6U-340P PV modules with nominal operating cell temperature (NOCT)
mode, and assumes that each household installs 8 panels when it owns the PV system. Cavg

d,t
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is taken from IESO, which refers to the daily record of Grand Renewable Energy Park,
Ontario [47], see Figure 3.13.

The parameters of PES are according to the specification of Tesla Powerwall [41]. The
battery state of charge is Bmax

e = 13.5 kWh and Bmin
e = 0 kWh. Efficiencies of charging

and discharging are ηch = 0.948 and ηdis = 0.948, yielding a 90% round-trip efficiency. The
power capacity of PES is Sch.max

e = Sdis.max
e = 5 kW and Sch.min

e = Sdis.min
e = 0 kW.

Similarly, the parameters of CES refer to the specification of eCamion Community
Energy Storage [42]. The battery capacity is Bmax

e = 250 kWh and Bmin
e = 0 kWh; the

power capacity from households is Sch.max
r,e = Sdis.max

r,e = 5 kW and Sch.min
r,e = Sdis.min

r,e = 0
kW. The rated continuous power capacity of CES is Sch.max

e = Sdis.max
e = 500 kW and

Sch.min
e = Sdis.min

e = 0 kW, and efficiencies of charging and discharging are formed ηch =
0.948 and ηdis = 0.948, yielding a 90% round-trip efficiency as well.

Finally, the initial battery status Be,−1 and the end battery status Be,23 are assumed
to be 40% of the maximum battery state of charge. Bmax

e for CES would be an important
factor for the analysis, which means the maximum battery state of charge will vary when
the analyzing the results.

Figure 3.13: Daily charts for the parameters in Waterloo.
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Table 3.5: Parameters of home appliances in Waterloo, Canada

Category Parameters Data Resource, Assumptions

Period time ∆T = 1, |T | = 24 Simulating one day
Energy price Πt IESO, Hourly Ontario Energy Price
Aggregator Amin = 0, Amax = 7.5× 1133
Household Hmin

r = 0, Hmax
r = 15

Provincial load Uavg
d,t IESO, zonal demand in Ontario

Dish washer Ĩd,t = [1.2, 1.2] BC Hydro, EnergyStar 2017, 2 hours

Clothes washer Ĩd,t = [0.75] BC Hydro, EnergyStar 2017, 1 hour

Clothes dryer Ĩd,t = [1.65] BC Hydro, EnergyStar 2017, 1 hour
Indoor temp. setting Θset

t = [20, 24] Summer, Statistics Canada, HES 2015
Indoor temp. setting Θset

t = [18, 21] Winter, Statistics Canada, HES 2015
Ambient temp. Θavg

d,t timeanddate.com

AC or Heating θmin
d = 0, θmax

d = 3.5, γ = 2
Cd = 2.5, Rd = 2, ηd = 2.5

PV system Cavg
d,t IESO, Grand Renewable Energy Park, Ontario

Canadian Solar CS6U-340P PV modules, 8 pcs
PES battery Bmax

e = 13.5, Bmin
e = 0 Tesla Powerwall

PES efficiency ηch = 0.948, ηdis = 0.948 Tesla Powerwall
PES charging Sch.max

e = 5, Sch.min
e = 0 Tesla Powerwall

PES discharging Sdis.max
e = 5, Sdis.min

e = 0 Tesla Powerwall
CES battery Bmax

e = 250, Bmin
e = 0 eCamion Community Energy Storage

CES efficiency ηch = 0.948, ηdis = 0.948 eCamion Community Energy Storage
CES charging Sch.max

e = 500, Sch.min
e = 0 eCamion Community Energy Storage

CES discharging Sdis.max
e = 500, Sdis.min

e = 0 eCamion Community Energy Storage
CES charging Sch.max

r,e = 5, Sch.min
r,e = 0 eCamion Community Energy Storage

CES discharging Sdis.max
r,e = 5, Sdis.min

r,e = 0 eCamion Community Energy Storage
Initial battery SOC Be,−1 = 40%
Final battery SOC Be,23 = 40%

Compared to case 1, residents’ life habits are different in Canada as people consume
more power in summer than in winter. In summer, people usually turn on the air con-
ditioner to maintain indoor temperature. Also, the cycle time of uninterruptible load is
shorter which is around one hour instead of four hours to complete the cycle. Finally, the
energy price of the selected days fluctuate dramatically in a short period.

Secondly, the ownership rates of home appliances for the households are displayed in
Table 3.6. The ownership rates of dish washer, clothes washer, clothes dryer refer to
percentage of households as given by Statistics Canada [48], and the ownership rate of
air conditioner and hydro space heating are taken from Households and the Environment
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Survey [46].

Table 3.6: Ownership rates of home appliances in Waterloo, Canada

Devices Category Ownership rate

Dish washer Uninterruptible load 60%
Clothes washer Uninterruptible load 87%
Clothes dryer Uninterruptible load 83%
Air conditioner Thermal load 57%
Hydro space heating Thermal load 11%
Rooftop solar PV system 0% - 100%
PES or CES Energy storage 0% - 100%
Others Provincial load 100%

3.2.2 Community Setting

The communities are built by using k-mean approach based on their longitude and latitude.
In this case, similar to the previous one, K = 3 is used to form three communities, and the
size of these communities are 337, 572, and 224 households respectively, see Figure 3.14.
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Figure 3.14: Region map and households’ locations in Waterloo, Canada.

3.2.3 Computational Results

3.2.3.1 Features for PES

Figure 3.15 indicates the heat-map of the operational cost when the ownership rate of PV
system and PES increase. Compared to case 1, the operational cost in Waterloo reduces
more but the trend is the same, meaning that PV systems can help households reduce
their costs significantly during the summer, and energy storage can provide a stable cost
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reduction for the households whether in the summer or winter.

Figure 3.15: Operational cost reduction varying the ownership rate of
PV system and PES in Waterloo.

Moreover, the charging and discharging ratio Ω is still the same for all the households,
which is 1.113 as it is only related to the specification of PES system, which is its charging
and discharging efficiency, see Figure 3.16. Though the energy price fluctuates more for
this use case, the households’ charging and discharging pattern follow a similar behavior
that is they charge the PES when the energy price is low and discharge when the price is
high.
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Figure 3.16: Features for charging and discharging of PES.
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3.2.3.2 Determining Battery Capacity of CES

Compared to case 1, the number of households and the size of communities are slightly
bigger. Assuming all the households connect to one CES and own a PV system, the range
of average battery capacity for each household to have a lower operational cost than PES
is within [8.261, 13.5] and [9.885, 13.5] for the winter day and summer day, respectively
considering a random allocation. Compared with case 1, the power generation of these
regions is similar but the power consumption is quite different, and also, the energy price
is more fluctuating in Waterloo. Additionally, diminishing marginal utility still exists in
this case, see Figure 3.17.

Figure 3.17: Operational cost varying battery capacity and number of CES.

57



3.2.3.3 Allocation Options for CES

Figure 3.18 compares the operation cost among three allocation methods: CES-random,
CES-diverse, and CES-homogeneous when the average battery capacity for each household
increases. The result shows the same patterns as case 1 that the optimal costs have
no significant difference between CES-random and CES-diverse, but the cost of CES-
homogeneous is higher.

Figure 3.18: Operational cost for different CES allocation options.

Additionally, Figure 3.19 provides the charging, discharging, state of charge, and ratio
of charging vs. discharging patterns for the community with 71 CESs each of size 160
kWh in the summer day, and Figure 3.20 shows the summation of household net load in
each period and total household net load. Compared to case 1, the schedule of charging,
discharging, and battery state of charge changes based on the power consumption, power
generation and energy price, however, the behaviors are similar in the sense that the
households select to charge the CES when the energy price is low and discharge from CES
when the energy price is high, it implies that the energy price influences the schedule of
CES significantly in these two cases. Also, the CES-diverse and CES-homogeneous options
perform the same patterns on the household net load in two use cases.
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Figure 3.19: Comparing battery charging, discharging, state of
charge, and ratio of charging vs discharging among different CES

allocation options in summer: [R] CES-random [D] CES-diverse [H]
CES-homogeneous.
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Figure 3.20: Comparing the households’ load in each period and total
households’ load connected to the same CES for different CES

allocation options in summer: [R] CES-random [D] CES-diverse [H]
CES-homogeneous.

Moreover, Figure 3.21 indicates the histogram of the per household utilization for 1133
households where 71 CESs each of size 160kWh are allocated with different allocation op-
tions. When the households choose CES, the average utilization rate is around 65.55% to
67.38%. In contrast, the average utilization rate rises to 72.08% if households use PES-
single option, which means the households have to spend more time charging and discharg-
ing, see the right-bottom of Figure 3.21. Such behavior impacts the battery performance
and can degrade the battery relatively quickly.
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Figure 3.21: Comparing per household utilization rate of the energy
storage among different allocation options in the summer day: [R]

CES-random [D] CES-diverse [H] CES-homogeneous [P] PES-single.

Also, Figure 3.22 represents the time spent charging and discharging by households.
It shows that some households spend more time either charging or discharging when they
use PES-single option. The various CES options exhibit a similar behavior in this case as
well. Compared to case 1, the pattern of the computational result is similar.
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Figure 3.22: Comparing charging and discharging time of households
among different allocation options in the summer day: [R]

CES-random [D] CES-diverse [H] CES-homogeneous [P] PES-single.

Furthermore, when considering the overall utilization of CESs, it has similar trend as
case 1, that is, the CES-homogeneous option has more variations on the time of charging
and discharging as shown in Figure 3.23.
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Figure 3.23: Comparing overall utilization rate of CESs among
different CES allocation options in the summer day: [R] CES-random

[D] CES-diverse [H] CES-homogeneous.

The three allocation options show similar trends as case 1, that is the CES-homogeneous
option has better fairness, see Figure 3.24. The CES-homogeneous option has a lower
average and standard deviation for the charging/discharging ratio where most of the values
are close to 1 and very few outliers with values bigger than 4.

63



Figure 3.24: Fairness comparison for CES allocation options in the
summer day: [R] CES-random [D] CES-diverse [H]

CES-homogeneous.

In summary, the two cases show that the optimal battery capacity of CES changes
based on households’ power consumption behavior and the energy price in the region and
the patterns of charging and discharging follow the energy price. Also, the overall cost
reduction of installing CES is greater than installing PES for the households no matter
what allocation option is used.
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Chapter 4

Conclusion

4.1 Summary and Conclusion

This research develops a framework to effectively calculate the operational cost of a com-
munity which can be applied to any region with different number of devices, specification,
residential habits, and allocation options. By using k-mean for allocating energy storage
and formulating an MILP model, the analysis compares different scenarios, including dif-
ferent types of appliances, PV systems, energy storages, households power consumption
profiles in an individual set-up as well as a community set-up. Also, the optimal schedule
of home appliances and DERs for each household can be monitored graphically by using a
software with a user interface that was implemented for such problems.

A number of conclusions and important observations resulting from the presented work
can be made, and are summarized as follows:

� For the case of CES-diverse, the optimization model can be decomposed to the num-
ber of energy storage devices and each local community’s operation can be optimized
independently. In other words, the optimal cost for the aggregator would be equal
to the summation of the optimal cost for each community independently.

� Households can have substantial cost reduction when they install energy storage and
PV system. Considering PES, it can provide a stable cost reduction for the household,
and PV system can help a household reduce its costs significantly in the summer day.
The level of cost reduction varies based on the region, residential habits, energy price,
etc.
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� In the deterministic optimization model, the ratio of storing power and consuming
power Ω is determined by the efficiencies of charging and discharging only, which is
its round-trip efficiency.

� For the case of CES, the PV systems can provide the CESs with more flexibility to
adjust the average battery capacity in the summer day. Also, since the marginal
utility of the battery capacity is diminishing, the suitable average battery capacity
for each household is determined in the range based on their life habits.

� Compared to PES option, the households in a community can have a lower costs as
the capital cost and operational cost are lower when they select CES option.

� Given the same conditions of households, the operational costs of CES-diverse op-
tion are slightly lower than the cost of CES-random option, and the cost of CES-
homogeneous option is higher than the others whether any region is. Also, the
CES-diverse option causes the CESs to have almost the same patterns for charging,
discharging and battery state of charge; the CES-homogeneous option have more dif-
ferent patterns. For the CES-random option, the patterns are between CES-diverse
and CES-homogeneous.

� When the households choose CES, the average utilization rate is lower than PES-
single option, meaning that the households charge/discharge less frequently which
positively impacts the battery’s life and maintenance costs.

� Considering the households’ behavior that are connected to the same CES, although
CES-homogeneous option have more variations, it has better fairness than the other
options.
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4.2 Future Work

The research provides useful insights and analysis for the deployment of shared DERs,
however, there is still room for improvement.

First, the optimization model is built based on deterministic number of inputs, which
means it does not consider uncertainty of the future. Therefore, the model may need to
be improved considering a stochastic model or robust model to closely mimic the reality.
For example, some factors causing uncertainty such as dynamic power generation from the
PV system, energy prices, equipment performance in a dynamic basis, load variation, etc.,
could be considered into the model. Secondly, the battery size and number in this case is
varied to take into account different options, however, for better results the battery number
and size can be part of the optimization model as this would optimize the overall total
costs. Additionally, the model considers one day for optimizing these cases, however, the
one day simulation period might not enough to reflect the reality. Finally, the model does
not consider the fairness of households as it only considers the rational scenario that all
the households are willing to cooperate together. Fairness is always a big problem for such
collaborative models, and the model needs to investigate and optimize this KPI further to
make the households feel comfortable in such systems.
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