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Preface

This thesis has been prepared at School of Engineering, Computer and Mathematical Sciences,
Auckland University of Technology, New Zealand in fulfillment of the requirements for the
award of a degree of Doctor of Philosophy (PhD). The work has been carried out in the period
from April 2018 to November 2022 under the supervision of Dr. Ramon Zamora and Dr. Craig
A. Baguley. The purpose of this thesis is to develop an energy management system for smart
houses with photovoltaics (PV) and hybrid energy storage system (HESS) aimed at reducing
electricity costs while satisfying user comfort demands. The research work carried out in this
thesis was mainly divided in two parts. The first part of the thesis is mainly to study microgrid
technology and develop a local level energy management system for HESS in a DC microgrid.
The second part of the thesis is to develop a system level energy management system including
load forecasting and power optimization for a residential DC microgrid. The work carried out in
both parts of the thesis was presented in the form of manuscripts. An introductory preface to each
chapter explains the work in each manuscript and its relevance to the main idea of the thesis.

Furthermore, each chapter describes the work presented in the manuscripts.
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Abstract

Recently, carbon emissions and depletion of fossil fuels are exacerbated by the high demand for
electrical energy in the residential sector. Renewable energy sources (RES) as an environmentally
friendly energy source have been widely installed in residential buildings. However, the
intermittent of RES makes it challenging to providing stable power to residential customers. To
solve this problem, an energy storage system (ESS) is integrated into homes to improve the
quality of electrical energy. This kind of power system integrating RES and ESS in the house can
be defined as a home microgrid. The home energy management system (HEMS) plays an
important role in the home microgrid, which can collect data information through the home local
area network and the Internet to predict the user’s energy usage. Then, the HEMS will use the
predicted data to formulate an optimal power scheduling plan, so as to reduce the operating cost
of the system and improve the utilization efficiency of RES. Furthermore, the HEMS is beneficial
to both utility and home customers. For the utility, the HEMS can moderate the household’s
power demand from the utility during peak periods, thereby reducing the supply pressure on the
main grid. The HEMS can increase the penetration of RES installations in the residential sector,
thereby reducing carbon emissions. For home users, the HEMS can enable users to change from
traditional consumers to prosumers that actively participate in the energy trading market. In
addition, the HEMS can change the user’s energy usage patterns, thereby reducing household
energy consumption. Therefore, it is necessary to study the application of the HEMS in modern

smart grids.

The purpose of this study is to develop an energy management system for a smart home with
photovoltaics (PV) and hybrid energy storage system (HESS), with the aim of reducing electricity
costs while meeting occupant comfort needs. The research work carried out by this study is
mainly divided into two parts. The first part is the local level energy management system, which
can be further divided into two sub-parts presented in separate independent chapters. The two
subparts are the decentralized control method for single type energy storage and the
multifunctional control method for HESS, respectively. The second part is the system level energy
management control, which is also divided into two parts and presented in separate independent

chapters. These two subparts are load prediction and power optimization respectively.

Chapter 1 provides the background and motivation of this thesis. It also points out the research
gaps, research questions and specific contributions of the thesis. Chapter 2 provides a
comprehensive review of smart energy management systems in home microgrids. This part first
introduces the concept and structure of household microgrid in detail, including HESS composed
of high energy density storage (HES) and high power density storage (HPS). Further, this part
describes the role and function of HEMS in the home microgrid. These functions can be grouped

into load forecasting, optimization and control. Each function is categorized and analyzed in
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detail. Then, a case study is provided to verify the feasibility of HEMS containing HESS. Finally,
this chapter reveals the flaws and gaps in intelligent HEMS research, which constitute a part of

the research questions of this thesis.

The proposed method starts with a fully decentralized control approach for battery storage
systems in the local level energy management system which is presented in Chapter 3. This part
of the study develops a state of charge (SoC) balance control method to address the SoC
imbalance among batteries regardless of whether the batteries have the same capacity. In this
way, a battery with a higher SoC and capacity can deliver more power in discharging mode than
ones with a lower SoC and capacity. During charging mode, the battery with higher SoC and
lower capacity is controlled to draw less power than the ones with higher capacity and lower SoC.
Therefore, SoC balance can be achieved among distributed BSUs. Then, a high-pass filter (HPF)
based power droop method is designed to realize voltage regulation and power sharing. In this
method, the secondary voltage restoration control is equivalent to an HPF, thereby eliminating
the communication connection between the primary control and the secondary control. This part
also establishes a processor-in-the-loop (PIL) simulation platform to verify the performance of

the method.

Chapter 4 proposes a comprehensive multifunctional control method for multiple HESSs
composed of batteries and supercapacitors (SCs) in a DC microgrid. The study in this part
develops a novel droop-based coordinated control to realize power sharing between battery and
SC. At the same time, the method can also realize voltage regulation without an additional voltage
recovery control method, thereby reducing the complexity of control. Among them, v-dP is
proposed to regulate the battery to provide the average power provided, while the traditional
droop control is used to adjust the SC to deliver the instantaneous power. Different line resistances
in the system reduce the accuracy of power distribution among the batteries. Therefore, a voltage
compensator based on a consensus algorithm is developed to simultaneously achieve accurate
power sharing and SoC balancing among batteries. Then, an SoC recovery control of the SCs is
adopted to ensure the continuous operation of the SCs. Finally, a power management system is

presented to prevent the batteries overuse in different operating mode.

After completing the design of the energy management system at the local level, the research
work moved into the development of the system level energy management system. Chapter 5
proposes a hybrid approach for improving the accuracy of short-term household load forecasting.
The hybrid approach consists of two models. The first model is an ensemble model used to predict
home heat and air conditioning (HAC) load usage. The ensemble model includes support vector
machine (SVM), back propagation neural network (BPNN), and generalized regression neural
network (GRNN). Among them, genetic algorithm is adopted to optimize SVM and BPNN to

enhance their performance. Then, a thermal dynamic model is developed to track the indoor

v



temperature which is used as one of the inputs to the ensemble model. Another model is a deep
ensemble model used to track the consumption of lighting and other loads. The deep ensemble
model consists of three bidirectional long short-term memory (Bi-LSTM) networks. Among
them, the Bayesian algorithm is used to optimize the hyperparameters of LSTM. Finally, a
trimmed algorithm is used to integrate the results of the ensemble and deep ensemble models to

remove undesired outliers.

The prediction data obtained according to the method in Chapter 5 will be sent to the optimization
layer in the system level energy management system to generate the optimal power scheduling
plan. Therefore, the purpose of Chapter 6 is to develop an optimization technique to formulate an
optimal power scheduling plan with the objectives of minimizing the operating cost and
maximizing the user comforts. Furthermore, this chapter also presents the interaction between
system level and local level energy management systems. Therefore, Chapter 6 proposes a multi-
level HEMS for a DC home microgrid, which consists of two parts. The first part is the long- and
short-time optimization methods based on model predictive control (MPC). This long-term
optimization is proposed to minimize the operating cost of the system and maximize the user
comfort. In addition, the degradation models of batteries and SCs are designed to evaluate their
degradation costs. Hence, the total operating cost covers electricity cost, PV power generation
cost, battery and SC wear costs. Then, a predicted mean vote - percentage people dissatisfied
(PMV-PPD) model is adopted to evaluate thermal environment comfort. An illuminance model
is employed to assess the indoor visual comfort. The purpose of this short-time optimization is to
alleviate the power fluctuations caused by the randomness of end-user behaviors and PV
generation, as well as to ensure the capacity of the SC within a safe range. The second part of this
chapter is the local level energy management system, which method is further improved based on
the method in Chapter 4. Furthermore, the local level energy management system is more

simplified and has better performance compared to the method presented in Chapter 4.
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Introduction



Chapter 1: Introduction

1.1. Background and meotivation

The growth in energy demand caused by human activities leads to an increase in the carbon
dioxide emissions and depletion of fossil fuel. According statistics of the International Energy
Agency (IEA) statistic, the global electricity consumption has reached 29 trillion kWh in 2020,
approximately one-third of it was contributed to the residential sector [1]. Similar energy statistics
and research reports have also been carried out in some countries, such as the United States and
New Zealand [2], [3]. These reports recommend the development of novel electricity technologies
to reduce energy usage in the residential sector without causing environmental problems.
Therefore, renewable energy sources (RES) as non-polluting and environmentally friendly energy
sources have been integrated into residential buildings by several research projects to reduce
electricity demand from utility [4]-[6]. However, the intermittent and random nature of RES
makes it challenging to provide users with stable electric power, thereby failing to meet the energy
demands of customers. Therefore, an energy storage system (ESS) can be installed in a residence
as an energy buffer to suppress power fluctuations caused by a mismatch between power
generation and demand and to ensure stable operation of the system. In a residence, the RES such
as photovoltaic (PV), ESS and household appliances form a small-scale power system, which can

be defined as a home microgrid [7].

Typically, ESSs in the home microgrids are a single type of energy storage. For instance, the
methods in [8]-[10] employ batteries with a low dynamic response and high energy capacity
density characteristics to supply household loads. However, the random behavior of end users
can cause frequent load fluctuations in the house. Due to the characteristics of the battery, it may
not be able to suppress high frequency power oscillations, and the degradation of the battery is
accelerated, thereby reducing its lifespan [11]. Therefore, supercapacitor (SC), with a fast
dynamic response but a low energy density, may be employed to serve loads with high and rapid
power fluctuations [12]. So far, no existing energy storage type has characteristics that suit all
load and user demands. Therefore, hybrid energy storage systems (HESS) comprising multiple

energy storage types can be presented as an effective solution in the home microgrid.

In the home microgrid, the output power of PV and ESS acts on the system in the form of DC,
and a large number of DC electrical loads are adopted in the houses, such as air conditioners and
LED lights. Therefore, DC-based microgrids is more suitable for residential scenarios, which
simplifies energy conversion and increases the energy efficiency of the system by up to 5%
compared to traditional AC-based microgrids [13], [14]. In DC home microgrid, the home energy
management system (HEMS) is a key challenge, which can achieve the stable and economical

operation of the system through the coordination and management of distributed energy sources
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and energy transactions with the main grid [15]. The HEMS also encourages end customers to
actively participate in the energy interaction mechanism, adjust customers’ electricity

consumption behavior, and then turn them into prosumers [16].

The HEMS can be composed of three parts: day-ahead load forecasting, optimization and control.
Day-ahead load forecasting stage predicts the household load consumption on the next day by
collecting meteorological and historical load datasets. Generally, time series models are the
typical method applied to load forecasting, including autoregressive integrated moving average
models [17], grey model [18], and regression analysis model [19]. However, these models are
insufficient to deal with nonlinear problems and will lead to lower prediction accuracy. Therefore,
nonlinear forecasting models, including support vector regression [20] and artificial neural
networks [21], have been employed to solve nonlinear problems in load forecasting. However,
these methods use a single predictive model. Due to the performance limitations of a single
predictor, the predicted output may have outliers, and hence, the deviation will increase [22], [23].
For this reason, the ensemble forecasting model that including multiple predictors such as in [24]—
[26] is proposed to eliminate the outliers of the predicted output to improve the forecasting
accuracy. However, the above methods mainly focus on the users’ total power prediction and do
not include the power consumption prediction of high-power equipment, such as heating and air
conditioning (HAC). Since HAC occupies a large proportion of electricity, regulating the HAC
loads is a potential for energy-saving [27]. Furthermore, the power consumption forecast for HAC
can enable users to understand the specific situation of the power usage, so as to make necessary
adjustments to achieve the goal of power-saving [28]. There are three prediction methods for
HAC systems: physics-based, data-driven, and hybrid models [29]. The physics-based model
predicts the load by establishing a complex physical model. However, the parameters of the
physical model are often difficult to measure [30]. Data-driven uses machine learning and time-
series statistical analysis methods to predict load, but it requires a lot of historical data [31]. In
order to solve these issues, a hybrid model including physical-based and data-driven models is
presented because it only requires a simple physical model and less historical data, such as
methods in [32], [33]. Afterwards, the obtained prediction data including house load and weather

conditions is transferred to the system optimization stage.

The optimization layer of HEMS will minimize the operating cost of the home microgrid and
ensure its stable operation according to the predicted data and real-time electricity price. The
optimization methods is a fundamental challenge in the HMES, which can be divided into offline
and online optimization [34], [35]. Offline optimization is based on the premise that RES and
house load is determined to reduce system energy consumption and cost operation [36]. However,
uncertainties in RES and house load reduce the accuracy of offline optimization. For this reason,
online optimization such as in [37]-[39] is proposed to solve these problems. The optimization

layer consists of three main factors: time frame, constraints and objective function. The time
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frame consists of time horizon and time resolution. Depending on the scenario, the time horizon
can change from a few hours to several days, such as the operating cost management [40], [41].
Time resolution can range from a few minutes to an hour [42], [43]. According to the house
microgrid requirements and user demands, the constraints can be classified into technical and
environmental constraints. The technical constraints mainly include power balance, power limits,
load demand limits, load on/off time, state of charge (SoC) and depth of discharge (DoD) limits
[16], [44], [45]. The environmental constraints mainly consist of temperature limits, heating
(cooling) coefficient limits, and predicted mean vote (PMV) thermal comfort limits [46], [47].
Then, the objective function refers to the goal of the optimization of the system, which can be
divided into single or multiple objectives, such as operating cost, power usage and energy storage
degradation cost [48], [49]. The objective function is to be solved by suitable optimization
algorithm such as model predictive control (MPC), heuristic algorithm and mixed integer
programing within constraint conditions and time horizons [50], [51]. Then, the optimized results
are sent to the control layer to regulate power converter system (PCS) based HESS via the

communication system.

The control system will generate a pulse width modulation (PWM) signal according to the
decision made by the optimization layer to regulate the PCS based HESS to supply power to the
system load and ensure the bus voltage within a safe range. The control system should
simultaneously satisfy the versatility, stability and independent operation ability. Therefore, the
development of control technology in the HEMS is a new challenge facing in the home microgrid.
The control technology can be broadly summarized into three types: (a) decentralized, (b)
centralized, and (c) distributed. In decentralized method, each converter is controlled by its local
controllers (LCs) that only receive local data and are not aware of the overall status of the system
as well as the working conditions of other controllers. In addition, there is no communication
network among the controllers [52]. For instance, a droop-based control method is the classic
decentralized control, which is used to achieve power sharing in the HESS [53]. In the centralized
control, a central controller (CC) is required to adjust an LC, such as voltage recovery control,
through the communication system [54]. The CC collects system data and makes decisions for
the LCs. In distributed multi-agent control, each controller is considered as individual agent,
which will receive local information and will also collect data from neighboring agents through
a sparse communication network to achieve coordinated control, such as voltage recovery and

SoC balancing controls [55].

1.2. Research gaps

The review of the existing approaches related to the HEMS in home microgrid indicates that:



e There is a need for a novel and enhanced complete HEMS that should take into account

the interaction among control, forecasting and optimization layers.

Although many research works have studied HEMS algorithm, HEMS considering operating
costs, comfort management and HESS is not covered in the published works. Besides, most of
the existing methods in HEMS focus on developing the optimization algorithm but neglect the

integrity and independence of the HEMS.

e There is a need to develop a novel HESS control system which should have versatility
and simplicity. The new control method should consider accurate power distribution,

voltage restoration, SoC balance and recovery for the batteries and SCs.

The control approach in HEMS refers to the HESS control system. The existing HESS control
methods achieve multiple functions, such as power sharing, voltage regulation and SoC recovery
of SC. More functions mean that the control system becomes more complex, and the order of the
system becomes higher. Then, the control system parameters need to be carefully designed to
avoid the potential influence between control loops with different functions, thereby avoiding the
instability of the system. The new HESS control technology should be more effective, less

complex, and considering more functions.

e There is a need to develop a novel load forecasting technology which should have high

accuracy and require large amounts of historical data.

Load forecasting plays an important role in HEMS, which enables users to understand electricity
consumption and control the operation of electrical appliances to reduce electricity tariffs. So far,
the existing methods mainly focus on the study of load forecasting for large-scale systems (e.g.,
more than thousands of residential users) rather than an individual residential customer. Since the
individual load has the characteristics of fast changing and randomness, its prediction is still a
challenge. In addition, most methods use a single predictor and require a large amount of
historical data to achieve load forecasting. Furthermore, the results of a single predictor may have

unexpected outliers, which reduces the accuracy of the forecast.

e There is a need to develop a novel optimization technology which should consider

operating cost, HESS degradation cost, thermal and visual comforts.

Load optimization in HEMS can improve energy efficiency and reduce electricity bills. Currently,
the published works mainly focus on reducing the operating cost of the system within a set
comfort range. However, these works ignore the maximization of user comfort and the
degradation of energy storage devices. Besides, these research works do not consider power

fluctuations generated by RES and user behavior randomness and uncertainty.



1.3. Research questions and objectives

Based on the research gaps mentioned in the previous section, the research questions can be

summarized as follows:

1. How can the control method be optimally designed to achieve power-sharing, power-
split, SoC balance and restoration for HESS with multiple batteries and SCs?
2. How can HEMS algorithm be designed to optimize power consumption and customer

comfort?

Based on research questions, the objectives of this PhD thesis are to develop a novel HESS control
system and minimize the operating cost of the home microgrid as well as maximize the residential
user comfort. Specifically, the mentioned objectives can be further separated into four sub-

objectives as shown below:

1. To develop a control method to address SoC imbalance and DC bus deviations in a
DC microgrid including distributed battery energy storages.

2. To develop and simplify a control approach to address inaccurate power sharing
between batteries, dc bus deviations, SoC imbalance of batteries and insufficient
energy use of SCs.

3. To develop a novel load forecasting method to improve the prediction accuracy.

4. To develop an advanced HEMS to minimize operation cost and to maximize the

residential user comfort level.

1.4. Research contributions

The work presented in this PhD thesis is divided in the form of manuscripts, and each manuscript

corresponds to a significant contribution. The contributions of the thesis are as follows.

1. A novel filter-based droop control with SoC balancing scheme for DC microgrids is
proposed, which does not require any local communication systems among PCS.

2. A comprehensive multi-functional controller is proposed for HESS including
batteries and SCs in DC microgrid.

3. A hybrid load forecasting method is proposed to improve the prediction accuracy for
the individual residential user.

4. A multi-level HEMS is proposed to minimize operating cost and maximize user

comfort in the DC home microgrid.

1.5. Thesis outline



This PhD thesis follows the Auckland University of Technology (AUT) institution’s doctoral
thesis Format Two, also referred to as the “Manuscript Format”. Chapter 1 describes the thesis
introduction. Chapter 2 presents a literature review of the current application of HEMS
technology in the home microgrids. Chapter 3 states a fully decentralized control technique for
battery energy storage in an autonomous DC microgrid. Next, a comprehensive multifunctional
controller for HESS in a DC microgrid is presented in Chapter 4. Chapter 5 describes a hybrid
forecasting model for predicting short-term consumption of household loads. Chapter 6 covers a
novel multi-level HEMS for optimizing home power usage while meeting user comfort needs.
Finally, Chapter 7 gives this thesis’s conclusion and describes the future trend related to the
application of the HEMS in home microgrid. The thesis structure, chapter titles and the titles of

the manuscripts for Chapters 2 - 6 are shown in Fig. 1.

Introduction
Chapter 1: Introduction

Literature review
Chapter 2: An overview of intelligent energy management system in a home microgrid
X. Lin, R. Zamora, and C. Baguley, “An overview of home energy management system in a residential
microgrid” Renewable and Sustainable Energy Reviews, 2022. (To be submitted)

Local level energy management system

Chapter 3: A fully filter-based decentralized control with state of charge balancing strategy for battery
energy storage systems in autonomous dc microgrid applications
X. Lin, R. Zamora, and C. Baguley, “A fully filter-based decentralized control with state of charge balancing
strategy for battery energy storage systems in autonomous dc microgrid applications” /EEE Access, vol. 9,
pp. 1502815040, Jan. 2021. (Published)

Chapter 4: A comprehensive multi-functional controller for hybrid energy storage systems in DC microgrids
X. Lin, R. Zamora, and C. Baguley, “A comprehensive multi-functional controller for hybrid energy storage
systems in DC microgrids,” /EEE Trans. Ind. Appl. (Under first review)

System level energy management system

Chapter 5: A hybrid short-term load forecasting approach for individual residential customer
X. Lin, R. Zamora, C. Baguley, and Anurag K. Srivastava, “A hybrid short-term load forecasting approach
for individual residential customer,” IEEE Trans. Power Del. 2022. (Published)

y

Chapter 6: A multi-level energy management system (HEMS) suited to DC-based home microgrid
X. Lin, R. Zamora, C. Baguley, Yazhou Jiang and Anurag K. Srivastava, “A multi-level energy management
system (HEMS) suited to DC-based home microgrid,” IEEE Trans. Sustain. Energy, 2022 (To be
submitted)

Conclusion, recommendation and future work
Chapter 7: Conclusion recommendations and future work

Fig.1. Thesis structure.
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Citation:
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Preamble:

Chapter 2 presents the motivation and background of this study. It provides a comprehensive
literature review of home energy management system (HEMS) for home microgrids. This chapter
specifically discusses the concept and structure of the home microgrid, and at the same time points
out the defects of the traditional home microgrid and introduces the concept and structure of the
hybrid energy storage system (HESS). This chapter also divides HEMS into three main parts
according to its functions, which consist of load forecasting, optimization and control. This
chapter specifically categorizes load forecasting methods into physics-based, data-driven and
hybrid methods, each of which is described and discussed in detail including advantages and
disadvantages. Next, this chapter also reviews past and current optimization techniques for
HEMS, which are divided into model predictive control (MPC), metaheuristic algorithms, mixed
integer linear program (MILP), mixed integer non-linear program (MINLP) and other methods
according to the optimization methods. Then, this chapter also provides a review of the control
methods of HESS, which are classified into centralized, decentralized and distributed methods.
After that, the chapter also specially provides a case study to verify the possibility and
performance of considering HESS in HEMS.

Abstract:

A home microgrid is a small-scale power system with environmental affinity, and integration of
production and consumption. The home energy management system (HEMS) plays an important
role in the home microgrid, which can coordinate the output of various distributed energy
resources (DERs) and the on/off of household appliances through the collected real-time
information. As a result, the cost of electricity for households can be reduced and the demand for
electricity from the main grid during peak periods can be moderated. For this reason, the HEMS
has received extensive attentions from academia and industry. The purpose of this article is to
provide an overview of HEMS. The concept and structure of the home microgrid are analyzed in
detail. At the same time, the article also introduces the concept and structure of a hybrid energy
storage system (HESS) composed of high energy density storage (HES) and high power density
storage (HPS), which is used to replace the traditional single energy storage system to suppress

the high frequency power fluctuation of the system. Then, the HEMS is mainly divided into load
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forecasting, optimization and control according to its functions. Each subfunction is categorized
in detail, while the relevant literature is also provided for discussion and analysis. Then, a case
study is provided to verify the feasibility of considering HESS in HEMS. Based on the literature
review and case analysis, an insight into the future trend of HEMS is presented, which covers

household load forecasting, optimization techniques and control methods.

1. Introduction

Human activities such as industrialization and urbanization have led to a substantial increase in
global energy demand, thereby increasing the consumption of fossil fuels and carbon emissions.
According to the survey and statistics of the International Energy Agency (IEA), the global
electricity energy demand grows at an annual rate of 2.1% [1]. By 2020, the global electricity
consumption has reached 29 trillion kWh, of which approximately 24.2 % is contributed to the
residential sector [2]. In this regard, many countries have also carried out investigations on
domestic household electricity consumption. For instance, a report by the U.S. Energy
Information Administration (EIA) shows that the United States has consumed 3.9 trillion kWh of
electricity in 2021, of which the residential sector consumes about one-third of the total electricity
[3]. Other countries such as China [4] and the Netherlands [5] have conducted similar surveys.
These studies have shown that household electricity consumption has a high proportion in the
total electricity use and continues to increase [6]. Therefore, there is a need to develop an
advanced and intelligent power technology to reduce household electricity consumption, thereby

reducing the power supply pressure on the main grid [7].

Renewable energy source (RES) such as solar and wind have received a lot of attention due to
their non-polluting nature and environmental friendliness [8]. Many research projects have
integrated RESs into the residential buildings to study changes in domestic energy consumption
and costs [9-11]. However, the randomness and intermittent nature of the RES makes it
challenging to continuously supply stable power to the households, thus reducing the stability of
the system and failing to meet the electricity demand of the users [12]. An energy storage system
(ESS) is proposed to solve this issue. When the power produced by RESs is higher than the
demand side consumption, ESS will be operated in charging mode to absorb the surplus power.
On the other hand, when the power generated by RESs is lower than load demand, the ESS will
supply power to the load demand [13]. Therefore, the ESS can be regarded as an energy buffer to
suppress the system power fluctuation and to ensure the stable operation of the system [14]. The
integration of a small-scale power system including RES and ESS in residential buildings can be

defined as home microgrid or residential microgrid [15,16].

The home microgrid provides an opportunity for end customers to actively participate in energy
exchange mechanisms and change consumption patterns. Therefore, the home microgrid

transforms the end customer from a traditional consumer role to a prosumer [17]. The operation
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mode of the home microgrid is similar to the traditional microgrid, which can be divided into two
types: grid-connected and islanded modes [18]. In the grid-connected mode, the home microgrid
decides to purchase/sell electric power from/to the main grid and other home microgrids
according to the power generation of the RESs, flexible load demand and real-time electricity
prices. Furthermore, the home microgrid regulates the change of the bidirectional power flow
with the goal of the lowest cost in this mode [19]. When the power quality of the main grid fails,
the operation mode of the home microgrid switches to the islanded mode. The home microgrid
formulates a load scheduling plan according to the power generation of the RESs, and conduct
power transactions with other home microgrids to meet the electricity demand of users [20].
Home microgrid can realize the above automatic operation relying on an advanced intelligent

system which can be called home energy management system (HEMS) [21].

Since the HEMS plays a significant role in home microgrids, it has received considerable attention
from industry [22]. According to the market investigating report, the market share of the HEMS
has reached 2.1 billion US dollars in 2021 and is expected to reach 6 billion US dollars in 2027
[23]. HEMS can make household load scheduling by collecting information such as electricity
rates and weather conditions to minimize electricity tariff and simultaneously ensure end user
comfort [24]. The operating procedure of the HEMS can be divided into data monitoring,

forecasting, optimization and control, which can be described as below [25,26]:

e Data monitoring: benefiting from advanced information and communication technology,
HEMS can monitor and collect household load usage data, energy cost, dynamic real-
time electricity price and weather data through home area network and internet. These
collected datasets will be passed to the prediction layer. In addition, end customers can
access these datasets at any time through mobile phones and computers to understand the
electricity cost of households.

e Forecasting: the HEMS will analyze the characteristics of the collected datasets, and then
predict the necessary data of the system such as weather conditions, hourly electricity
prices and load consumption at the next timescale. The timescale can be in minutes, hours
and days.

e Optimization: the HEMS generates a power dispatch scheduling based on the predicted
dataset with optimization objectives such as electricity cost and user comfort under
technical constraints such as power limits and state of charge (SoC) limit.

e Control: the power dispatch plan includes control reference signals and switching signals
for household appliances. Typically, a control reference signals are sent to the power
converter system (PCS) to regulate the power variation of the distributed energy resource

(DER). The switch signals directly manage the on/off of the household appliances.
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Table 1
An overview of previous and recent review articles on HEMS research.

Ref. Year Contributions

[38] 2011  The article focusses on overview the HEMS based on nonintrusive load monitoring technology.

[27] 2013  The article discusses HEMS in smart houses including policy, user behavior, utility-side and
customer-side enabling technologies.

[31] 2015  The article focuses on reviewing the infrastructure, communication protocols, system software,
and end-user roles in HEMS.

[32] 2015  The article provides a comparative analysis of the literature on HEMS model including demand
response, consumer well-being, uncertainty and multiple objectives.

[26] 2016  The article outlines the concept and structure of HEMS. The article also investigates the
utilization of RES and different power scheduling strategies.

[39] 2017  The article reviews individual household load models considering demand response and demand-
side management, as well as neighborhood coordination mechanisms and techniques.

[34] 2018  The article reviews HEMS model including demand response strategies, smart technologies, and
load dispatch. The article also discusses the application of artificial intelligence in load
scheduling.

[28] 2019  The article provides overview of the optimization techniques in HEMS.

[30] 2020  The article discusses different demand response strategies and load optimization algorithms in
HEMS.

[40] 2020  The article reviews the application of reinforcement learning in HEMS.

[41] 2021  The article reviews demand-side flexible resource technologies including RES and ESS. In
addition, the article provides an overview of coordination and negotiation techniques, which
consist of multi-agent systems, optimization, and game theory.

[42] 2021  The article provides overview of the application of artificial intelligence in smart buildings, which
mainly includes monitoring, making decision and optimization algorithm.

[43] 2021  The article presents a comprehensive review of demand side management including deployment,
communication system and optimization technologies.

[33] 2022  The article outlines the framework structure of HEMS including RES, communication network
system and monitoring equipment. The demand response and optimized power scheduling
schemes are also studied.

[44] 2022  The article focuses on the detection and positioning methods of HEMS includes information and
communication technologies. The article collected and discussed related research between 2010-
2021, and also provided solutions for potential challenges.

A number of review works such as refs. [27-30] have investigated and summarized HEMS
studies. Ref. [31] focuses on reviewing the infrastructure, communication protocols, system
software, and end-user roles in HEMS. In addition, the article summarizes and discusses HEMS
models published between 1970 and 2014. Ref. [32] presents a comparative analysis of the
literature on HEMS, which is mainly about the method of the model and the impact of the model
on HEMS. This optimization model incorporates demand response, consumer well-being,
uncertainty and multiple objectives. Additionally, the article discusses computational constraints
and timescales. In [26], the concept and structure of HEMS is outlined. The article also
investigates the utilization of RES in residential buildings. In addition, different power scheduling
strategies are also discussed. Ref. [33] outlines the framework structure of HEMS including RES,
communication network system and monitoring equipment. The article studies and classifies
different types of demand response strategies. Furthermore, optimized power scheduling schemes
are investigated in this article. Ref. [34] reviews previous and current HEMS model including
demand response strategies, smart technologies, and load dispatch. Then, the application of
artificial intelligence such as neural networks and fuzzy logic systems in load scheduling is also

discussed. Table 1 provides an overview of review articles on HEMS research.
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Although the articles mentioned in Table 1 have reviewed different models and approaches for

HEMS, their shortcomings can be summarized as follows:

e The home microgrid is the cornerstone of the operation of HEMS, and the above literature
does not discuss the microgrid technology in depth. In addition, the intermittent nature of
RES and uncertainty in end-customer behavior can cause high-frequency changes in
household loads [35,36]. In this regard, the current ESSs of home microgrids are high
energy density storage (HES), which cannot handle high-frequency load changes [37].
Therefore, it is proposed to integrate high power density storage (HPS) into home
microgrids.

o The mentioned works in Table 1 focus on reviewing and investigating optimization
algorithms, demand response strategies, infrastructure, monitoring, and communication
technologies in HEMS. However, forecasting and control in HEMS are not specifically

analyzed and discussed.

The shortcomings mentioned above are completely addressed in this review article. The main

contributions of this article are summarized as follows:

o This article studies home microgrid technology. In this regard, this paper also discusses
and analyzes the application of hybrid energy storage system (HESS) including HES and
HPS in home microgrids. Finally, the article also provides a case study to verify the
feasibility of HESS application in home microgrid.

o This article delves into load forecasting in HEMS, which is classified as data-based,
physics-based, and hybrid methods.

e The article also studies different optimization algorithms in depth.

e The article discusses control methods in HEMS, which are divided into centralized,

decentralized and distributed methods.

The rest of this article is organized as follows. Section 2 presents the concept and structure of the
home microgrid. Section 3 reviews the different load forecasting methods in HEMS. Section 5
describes and classifies the optimization algorithm in HMES. The control approaches in HEMS
are discussed in Section 6. Section 7 gives the future trends. The conclusion is described in

Section 8.

2. Home microgrid studies

Home microgrids are the cornerstone of HEMS operations, which can benefit both the main grid

and end customers, as summarized below:
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e Benefits for the main grid: the home microgrid can serve as a dispatchable load or
generation unit to provide power and auxiliary services to satisfy the demands of the
upstream network [45]. In addition, the home microgrid can reduce the dependence on
the main grid during power peak periods, thereby alleviating the supply pressure on the
main grid. Compared with traditional power generation equipment, the home microgrid
adopts DERs including RES and ESS as power sources, thereby reducing greenhouse gas
emissions and increasing environmental affinity [46].

e Benefits for end customers: home microgrids can transform end users from traditional
consumers to prosumers who can benefit from participating in energy market trading
mechanisms [47]. Home microgrids can enable end users to understand the composition
of energy consumption, thereby changing users’ consumption behavior and achieving the
purpose of saving energy. Then, the home microgrid can provide users with voltage and
frequency support to ensure the quality of home electricity consumption. When the power
quality of the utility fails, the home microgrid can still provide electricity to users

continuously [48].
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Fig. 1. The schematic diagram of different types home microgrids: (a) AC home microgrid, (b) DC home microgrid,
(c) hybrid AC/DC home microgrid

Similar to traditional microgrids, house microgrids can be divided into three types: AC
microgrids, DC microgrids, and hybrid AC/DC microgrids. The schematic diagram of the home
microgrid is displayed in Fig. 1.
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The structure of the AC home microgrid is shown in Fig. 1(a). DERs including PV and battery
systems need to convert DC power to AC power through DC/AC inverters, which are then
connected to the AC common bus. AC/DC power converters convert AC power to DC power to
supply DC loads. The AC common bus can directly supply the power demand for AC loads
without any power electronic converters. AC home microgrids can be directly integrated into the
main grid as long as the phases are synchronized. Some research works such as [49-51] propose
different HEMS models based on AC home microgrid. However, both PV and battery systems
are DC power sources that require DC/AC inverters for power conversion to operate in AC

microgrids. For this reason, there may be a power loss during the conversion process [52].

Due to the DC characteristics of RES and ESS and the popularity of DC loads in homes, DC
microgrids have received extensive attention. Besides, some published works such as [53,54]
demonstrated that the energy efficiency of DC-based microgrids is about 5% higher than that of
conventional AC systems. Many research topics such as [55-58] apply DC-based microgrids in
homes. The equivalent structure of this DC microgrid is depicted in Fig. 1(b). The PV and battery
systems only need to be connected to the DC bus through a DC-DC converter without AC-DC
conversion. The DC bus can directly provide the power demand for the DC load and is connected
to the AC load through the inverter. The DC microgrid needs to be connected to the main grid

through a DC-AC inverter as an energy interface.

The hybrid AC/DC microgrid contains two individual AC and DC microgrids. Several research
works such as [59-62] have applied hybrid AC/DC microgrids to residential buildings. The
equivalent structure of the hybrid AC/DC microgrid is shown in Fig. 1 (¢). DC microgrid contain
PV, ESS and DC loads, while AC microgrid consists of wind generation and AC loads. The main
grid is connected to the hybrid microgrid through the AC bus. A bidirectional DC/AC power
converter acts as an energy interface to connect DC and AC microgrids. The bidirectional DC/AC
power converter can regulate the power flow between AC and DC microgrid, and stabilize the

DC bus voltage, AC bus voltage and frequency [63,64].

Table 2
The characteristics of different ESSs.
Power densit Energy densit Cost Lifespan
ESS type (W/ke) ! (\%/yh/kg) ! ($/kWh) Response (yeapr)
Lithium-ion 150-300 200-350 600-2500 3-5ms 5-15
SC 200-23000 0.1-5 300-2400 <5 ms 10-30
Compressed air 0.5-2 3-6 2-50 3-10 min 20-40
Superconducting 500-2000 0.5-10 350 1-10 ms 15-20
magnetic
Flywheel 1000 80-200 1000-10000 >10 ms 15-20
Lead-acid 75-300 30-50 200-400 3-5ms 5-15

In home microgrid, RESs such as PV and wind are the main electrical energy sources. However,

RES has the characteristics of uncertainty and interruption, and it cannot provide constant power
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for the system, thereby reducing the stability of the system operation [65]. To solve this issue, the
ESS is used to suppress power fluctuations and improve power quality, so that the high
penetration of the RES can be realized [66]. Table 2 summarizes some ESS characteristics [66—
68]. For instance, compared with other types of energy storage, a lithium-ion battery has a higher
energy density. Hence, it can be considered as HES. Also, it has higher installation cost and lower

lifespan. In contrast, a supercapacitor (SC) is a type of HPS that have a long service life.

The randomness of end-customer behavior can lead to high-frequency household load
fluctuations. Meanwhile, most HEMS models in home microgrid only consider the HES as the
ESS for the home microgrid [51,69,70]. For this reason, the HES is always frequently subjected
to irregular deep charge and discharge, which reduces the service life of the HES and increases
the maintenance and replacement cost of the HES [71]. Therefore, HESS consisting of HES and
HPS is a promising solution to solve the mentioned problems [72]. Currently, very few research
topics consider HESS in HEMS. For example, ref. [73] proposed a fuzzy logic control-based
HEMS for residential DC microgrid including batteries and fuel cells. The proposed method can
effectively improve the operating cost of the system. However, this method does not consider
HPS. The battery may not be able to meet the high frequency power demands. Although ref. [74]
and [75] consider HES and HPS in residential microgrid, these methods focus on power
distribution between HES and HPS without considering economic benefits. Therefore, it is still a

challenge to integrate HESS technology in HEMS in home microgrid.

Compared with a single ESS, HESS has a more complex topology, which can be divided into
passive topology, semi-active topology and active topology [76]. The diagram of equivalent
topology is plotted in Fig. 2. The passive topology is a low cost and simple structure. The HESS
is directly connected to the DC bus without installing any DC-DC power converter, as shown in
Fig. 2(a). In this configuration, the HESS needs to pre-set the desired voltage level to ensure the
stability of the DC bus voltage. The power distribution between HES and HPS is mainly
determined by the internal resistance and the characteristics of voltage and current [77]. Typically,
HPS compensates for high frequency power fluctuations. The disadvantages of this structure are

summarized as follows [78]:

e The controllability of HESS is poor.
e The voltage of the HESS must be consistent with the bus voltage.

In the semi-active topology, an energy storage device in the HESS is connected to the DC bus
through a bidirectional DC-DC power converter. Then, a control method is developed to regulate
the power converter to provide power to the system. Another energy storage device is directly
connected to the bus [79]. Therefore, there are two types of semi-active topologies. One is that

the HES is connected to the DC bus through a power converter, while the HPS is directly
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connected to the DC bus, as shown in Fig. 2(b). The other is that the HPS is connected to the DC
bus through a power converter, while the HES is directly connected to the DC bus, as shown in

Fig. 2(c). The disadvantages of this structure are summarized as follows [80]:

o This configuration provides only partial energy storage controllability.

e One type of storage voltage in the HESS is still consistent with the bus voltage.

In the active topology, both the HES and the HPS in the HESS are merged into the DC bus through
a DC-DC power converter, as shown in Fig. 2(d). A coordinated control method needs to be
devised to regulate the HES and HPS for power sharing and bus voltage stability [81]. This active
topology improves the controllability of the HESS. However, this structure still has the following

drawbacks [82]:

e Investment and installation costs are high.

e The addition of power converters increases power losses.
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Fig. 2. The structure of the HESS: (a) Passive topology, (b) Semi-active topology (HES with converter), (c) Semi-

active topology (HPS with converter), (d) Active topology.

3. Forecasting technology in HEMS

Home load forecasting plays an important role in HEMS. Through load prediction, HEMS can
make power scheduling in real time, thereby improving economic efficiency. End customers can
track and assess future energy consumption and manage household appliances to reduce
electricity costs. Load forecasting can be divided into short-term, medium-term and long-term
forecasts according to the time horizon [83,84]. The time range of the short-term forecast is
usually between a few minutes and a week, which is used to formulate a short-term energy
scheduling strategy. The time horizon for the medium-term forecast is between one week to one
year. The time horizon of long-term forecasting is more than one year. Typically, mid- and long-
term forecasts are used for mid- to long-term operating cost planning. There are three main types

of forecasting methods: physical-based method, data-driven method, and hybrid method [85].
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3.1. Physical-based method

A physics-based approach, which may also be referred to as a white-box approach or an
engineering approach, is to model building components and to analyze energy consumption
through thermodynamic theory [86]. This method needs to collect building and environmental
information including climate, sky conditions, building physical information, etc. to evaluate the
energy consumption of the building by a thermal dynamic model. In this regard, such models
usually include heating models, air conditioning system models, ventilation models, etc. Besides,
some building energy assessment software such as EnergyPlus, TRNSYS, SPARK, etc. integrate

these models to improve the accuracy of energy assessment [87].

Many existing works such as [88-92] have studied the physics-based methods. The method in
[88] evaluates the distribution of indoor temperature and airflow by creating building blocks in
SPARK software. In [90], an energy management system for residential and commercial
buildings is developed to improve the switching performance of heating, ventilation, and air-
conditioning (HVAC) systems. The proposed method is implemented in EnergyPlus software.
The results show that the proposed method can improve the energy use efficiency of the HVAC
system by 19%. In [93], a thermal comfort control method based on a parallel temporal
convolutional neural network (PTCN) and an improved chimpanzee optimization algorithm
(ICHOA) was developed to track future indoor comfort and energy consumption. In the proposed
method, PTCN is used to predict thermal comfort and energy consumption, while ICHOA is used
to optimize the set objective function. Finally, TRNSY'S platform is used to verify the feasibility
of the proposed method. In [94], a systematic building model is developed to assess the building’s
interior and HVAC energy use. In addition, the method also takes into account the user’s

behavioral patterns and natural heat. The proposed method is validated on Dymola software.

The physics-based method does not require extensive historical load data for load tracking.
However, the disadvantage of this method is that it needs more data to ensure the accuracy of
load evaluation [95]. This information content includes building and user characteristic
information. Building information is mainly composed of area, height, material, geographic
location information, weather and meteorological conditions. User characteristic information
covers behavior patterns and comfort sensitivity. The above mentioned information is difficult to
obtain from public databases except weather data [96]. Therefore, the use of this method has

certain limitations.

3.2.Data-driven method

Data-driven models can also be defined as black-box models that build associations between
inputs and predicted targets through statistical models and machine learning [97]. In contrast to

physics-based methods, data-driven models do not require the development of building physical
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models and the collection of building data information. To this end, the data-driven model does
not require any knowledge and experience of building physics. Usually, this method only needs
to collect historical data and weather information of load consumption to track future load usage
[98]. Data-driven models can be mainly divided into support vector machines (SVM), artificial

neural networks (ANN) and ensemble models.
3.2.1. SVM models

SVM is a very popular and promising artificial intelligence algorithm, which was introduced by
Vapnik in 1995 [99]. SVM is an efficient model for solving nonlinear problems; hence, it is
widely used to solve classification and regression problems. It is worth noting that SVM used for
regression problems can also be called support vector regression (SVR). The goal of SVM is to
maximize the margins between different classes of data. The equivalent diagram of SVM is
plotted in Fig. 3. The SVM introduces a kernel function such as Radial basis function (RBF),
which can map the input space to the high dimensions space (Hilbert space) to realize the dataset
division [100]. Ref. [101] proposes an online SVR method to predict short-term usage of
occupancy loads. The cuckoo optimization algorithm is used to optimize hyperparameters for
SVR. The dataset from the Irish Commission for Energy Regulation is used to validate the

predictive performance of the proposed method.

In [102], a sequential grid approach based support vector regression (SGA-SVR) method is
proposed to improve the accuracy and speed of short-term load forecasting. Then, a grid algorithm
is employed to fit the parametric regression surface. The simulation results show that the
prediction accuracy and computing speed of the proposed method are obviously better than the
traditional SVR method. In [103], the performances of four intelligent algorithms for short-term
prediction of household loads are compared and analyzed. The four methods consist of back
propagation neural network (BPNN), RBF, general regression neural network (GRNN), and SVR.
The results show that the prediction accuracy and stability of SVR are better than other methods.
In [104], a novel SVR model is proposed to track short-term load consumption. The method uses
the ambient temperature data of two hours before the occurrence of the demand response strategy
as the input variable of the SVR. In addition, the method proposes selection criteria for ambient
drying temperature, which is used to verify the optimal ambient temperature of two hours before
demand response event. In [105], a sensor-based SVR model is proposed for predicting energy
consumption in multi-building dwellings in New York City. The method also examines the
impact of monitoring time (minutes, hours and days) and spatial (unit, floor and total building)
scales on prediction accuracy. The results show that selecting time and spatial as hours and floors

can effectively improve the prediction accuracy.
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Fig. 3. The equivalent schematic of SVM model.

3.2.2. ANN models

ANN is an intelligent algorithm inspired by biological neural networks, which was introduced by
McCulloch and Pitts in 1943 [106]. Typically, ANN is composed of input layer, hidden layer and
output layer, as shown in Fig. 4. The input layer is mainly used to receive data information such
as load data and weather data. In the hidden layer, ANN will repeatedly train the weights and
biases in the activation function according to the characteristics of the data, so as to maximize the
fit of the ANN model to the input data, thereby improving the accuracy of prediction. The output
layer displays the results from the hidden layers. It should be noted that the number of hidden
layers and neurons needs to be reasonably selected, which will affect the prediction accuracy and

computational burden [107].

In [108], a deep recurrent neural network (RNN) is proposed for mid- to long-term residential
and commercial load forecasting at an hour time resolution. Then, a sequential model-based
optimization (SMBO) algorithm is used to optimize the hyperparameters of the RNN. In addition,
the method is capable of repairing missing parts of load history data. Load data for a public safety
building in Salt Lake City, Utah, and a residential building in Austin, Texas are used to validate
the predictive performance of the proposed method. In [109], a radial basis function neural
network (RBFNN) based forecasting model is proposed for predicting electrical load
consumption in buildings. The method employs real historical building load data and different
weather conditions as inputs to the prediction model to validate the performance of the proposed
model. Ref. [110] proposes an improved Elman neural network (ENN) to track changes in
household load power. The method also takes the user comfort index as an input to the prediction
model. Furthermore, the softmax function is employed as the activation function for the hidden
layers in the ENN. Different types of loads such as weekend and seasonal loads are used to verify
the prediction accuracy of the method. Ref. [111] proposes a deep neural network with household
appliance consumption sequence based on long short-term memory (LSTM) to solve the problem

of low prediction accuracy caused by the random behavior of end users. This method is compared
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with other prediction methods such as feedforward neural network (FNN) and k nearest neighbor
(KNN) to verify its superiority. In [112], an advanced pool-based RNN is proposed to improve
the prediction performance of household loads. The method also addresses the overfitting
problem of the model by increasing the diversity and quantity of the data. The proposed method
compares autoregressive integrated moving average (ARIMA), SVR, and typical RNN to verify

its efficiency.

Input Hidden Output

Fig. 4. The equivalent schematic of ANN model.

3.2.3. Ensemble models

Predictive models that contain only a single learning algorithm such as the models presented in
[104,105,109] may lead to unexpected outliers in the forecasting results. Therefore, the ensemble
model (EM) is proposed to address this problem [113]. The EM method can also be thought of as
a predictive framework that incorporates multiple identical or different learning algorithms. Each
learning algorithm then gets its own different forecasting outcomes [107]. These results will
eventually be combined through the aggregation algorithms, such as trimmed algorithm and
Bayesian algorithm [114]. The main purpose of EM is to remove outliers, thereby improving the
accuracy of prediction methods. In [115], an EM method is proposed for tracking the energy
consumption of building heating equipment. The EM contains three predictors: FNN, RBFNN
and adaptive neuro-fuzzy interference system (ANFIS). The results of each predictor are finally
combined by ordinary averaging and weighting methods. The results show that the accuracy of
the EM method is significantly higher than that of a single predictor. Ref. [116] proposes an
advanced EM method for predicting occupancy energy usage. In this method, an unscented
Kalman filter (UKF) is used to denoise the time series of input variables. Next, an improved
coupled generative adversarial stacking autoencoder (ICo-GASA) was developed to track
changes in occupancy loads. The ICo-GASA is composed of three generative adversarial
networks (GANs). Each GAN contains two deep belief networks (DBNs). Finally, the prediction
results of [Co-GASA are merged by self-organizing map (SOM).

In [117], an evolutionary neural machine inference model (ENMIM) is propose to track future

energy consumption of residential buildings. The model consists of two single supervised learning
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machines - least squares support vector regression (LSSVR) and RBFNN. A symbiotic organisms
search (SOS) is used to search for the optimal hyperparameters of the predictors. Load data of
residential buildings in Ho Chi Minh City, Vietnam are used to verify the performance of the
proposed method. In [118], an advanced EM method is proposed for predicting the energy
consumption of photovoltaic-integrated smart buildings. The method is composed of five
different prediction algorithms: ENN, ARIMA, FNN, RBF, backpropagation neural network
(BPNN) and its wavelet transform (WT) model. Among them, WT is used to eliminate outliers
in the load input data. Then, a particle swarm optimization (PSO) is used to optimize the FNN
and RBF. Finally, the outputs of each predictor are integrated by the Bayesian model. Ref. [119]
compares the performance of different prediction algorithms in evaluating the consumption of
cooling and heating loads. These algorithms include SVR, ANN, classification and regression
trees (CART), chi-square automatic interaction detector (CHAID), and general linear regression
(GLR). Then, the algorithms with higher prediction performance are screened out to form the EM

framework. The method aims to improve the prediction accuracy of cooling and heating loads.
3.3. Hybrid method

The previous two sub-sections have studied physics-based methods and data-driven methods.
However, both methods have some limitations in residential building energy consumption
prediction. The physics-based approach requires specialized construction-related knowledge and
experience. In addition, this method also requires a large amount of accurate data information
such as building area, height, material, etc., which is difficult to obtain from public websites [120].
The data-driven approach requires a large amount of historical load data of residential buildings
under different conditions (e.g., different climatic and weather conditions). Predictive models
then analyze and learn characteristics of this data to assess the future energy use of residential
buildings. If there is insufficient data, prediction accuracy may decrease [95]. To address these
issues, a hybrid method (also called grey box) consisting of physics-based and data-driven
approach is proposed for predicting building energy usage. In this method, the physics-based
method usually adopts the lumped capacitance model method, which is composed of resistance
(R) and capacitance (C). The method aims to represent the thermal dynamic model inside the
building in the form of an electrical circuit diagram. In this circuit, a resistance represents the
thermal impedance which represents the strength of the object blocking the flow of heat, while a
capacitance represents the heat capacity which represents the ability of the object to store thermal
energy [121,122]. The values of R and C can be estimated based on the relationship between the
input and output by employing algorithms such as Kalman filtering [123]. Typically, RC models
can be used to evaluate indoor temperature changes and the use of cooling and heating loads. The
data-driven approach in the hybrid model also uses artificial intelligence algorithms such as ANN

and SVM. Unlike the method in sub-section 3.2, the data-driven method here will receive the

27



feature data generated by the RC model as input, thereby improving the prediction accuracy

without requiring a large amount of historical data information [100].

Several works such as [124—-127] have studied the hybrid methods. In [125], a reduced-order RC
grey model is proposed for tracking changes in building thermal loads. The model also takes into
account the uncertainty of the input variables. In [127], a hybrid model is proposed for predicting
the energy consumption of buildings. In this model, an RC thermal dynamic model is developed
taking into account the uncertainty of the building conditions. ARIMA is then used to search for
unknown parameters of the thermal dynamic model. In [128], a hybrid model is proposed for
short-term prediction of household load. This method develops an RC-based thermal dynamic
model to evaluate indoor temperature changes and energy consumption of air conditioning (AC).
Then, an LSSVM is used to track non-AC energy usage. Finally, the method is compared with
other algorithms (ANN, SVR, LSSVM, Gaussian process regression (GPR) and Gaussian mixture
model (GMM)) to verify its superiority. In [129], a hybrid model incorporates RC thermal
dynamics and Gaussian process for tracking building energy consumption and indoor
temperature. Compared with a single predictor, the accuracy of the proposed method is
significantly improved. In [130], a hybrid forecasting method is proposed to improve the accuracy
of short-term single-family load forecasting. This method separates household loads into heat and
air conditioning (HAC), lights, and other loads. Then, an EM framework and 7R4C thermal
dynamic model are developed to evaluate the HAC energy consumption. The EM framework
consists of BPNN, SVM, and GRNN. A genetic algorithm (GA) is used to optimize the weights
of BPNN and SVM to improve their performance. Next, a deep EM (DEM) framework is
designed to predict changes in lights and other loads. The DEM contains three bidirectional long
short-term memory networks (Bi-LSTM). Bayesian algorithm is used to search the
hyperparameters of Bi-LSTM. Finally, a trimmed algorithm is used to integrate the results of EM
and DEM. The method is compared with BPNN, RBF and ELM to show its superiority.

4. Optimization methods in HEMS

The future home load usage can be obtained through advanced load forecasting techniques, which
have been described in previous sections. These forecasting data are then sent to the optimization
layer in HEMS [25]. It is the responsibility of the optimization layer to use these prediction
datasets to generate an optimal power scheduling plan by considering different objectives and the
operating constraints [40]. The optimization objective covers electricity cost, operating cost, load
scheduling, battery degradation, etc. [28,39]. The operational constraints include demand
response, indoor temperature, power balance, physical constraints of batteries, power constraints
of batteries and grid, etc. [43]. Currently, model predictive control (MPC), metaheuristic
algorithms, mixed integer linear program (MILP), mixed integer non-linear program (MINLP)

and other methods have been widely used in optimization layer.

28



4.1.MPC

The MPC is also commonly referred to as receding horizon control, which reduces prediction
errors by updating control decisions online. The MPC needs to develop a mathematical model of
the system and define a predictive horizon. Next, an objective function is defined to evaluate the
performance of the model. Finally, the first control signal in the predictive horizon is used in the
model, and the predictive horizon is moved by one time interval at the next time [131]. In [132],
an MPC-based multi-time scales control structure is proposed for home energy management. The
method takes into account the real-time electricity price and the electricity available in the energy
market. Ref. [133] proposes a hierarchical HEMS that incorporates forecasting, day-ahead
scheduling, and real-time operations. In the forecasting phase, an ANN is used to achieve day-
ahead forecasting of household loads. Next, a home energy model based on peak-to-average ratio
constraints is used in the day-ahead scheduling phase. Finally, MPC is employed to perform short-
term energy optimization. In this process, a natural aggregation algorithm (NAA) is used to solve
the objective function. The results show that the proposed method can reduce the cost of

electricity and keep the users’ comfort within an acceptable range.

In [134], a two-level energy management system is proposed to reduce the operating cost of a
home microgrid. The method also takes into account the markdown cost of the battery and the
self-depletion of the PV. In the upper layer, an MPC is used to calculate the home energy usage
plan for the next 24 hours including energy storage configuration and appliance running time.
The lower layer is a real-time controller, which is used to compensate the prediction error and the
optimization error of the upper layer, thereby reducing the waste of household energy.
Experimental results show that household energy costs can be reduced by 27.8% using the
proposed method. Ref. [135] proposes a two-layer MPC enhanced by two data-driven modules
for energy management of home microgrids. The home microgrid includes batteries and fuel cells.
This data-driven module is used to improve the accuracy of battery and hydrogen storage models.
The proposed method can determine the daily energy storage operation plan according to the
annual operating cost of the microgrid, thereby reducing the degradation cost of energy storage
and the operating cost of the microgrid. Simulation results show that this approach can reduce
annual costs by 5%. Ref. [136] proposes a shrinking horizon MPC for managing household
appliance usage, thereby reducing daily electricity costs. In addition, the method also takes into

account user comfort and different electricity price scenarios.

4.2. Metaheuristic algorithms

A metaheuristic algorithm is a search algorithm that can solve complex optimization problems
according to set constraints. The GA and PSO are currently the most popular meta-heuristic

algorithms, and they have been widely used in HEMS optimization problems. In [70], a robust
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index model is designed to improve the robustness level of home energy local network (HELN)
to reduce the negative impact of user uncertainty on home energy usage. A robust optimization
is used in load switching management, while a PSO is employed to optimize the load scheduling
plan. Ref. [137] proposes a multi-timescale HEMS based on cooperative particle swarm
optimization (CPSO), which considers electric vehicles, thermoelectric appliances and
uncontrollable equipment. This approach is designed to reduce electricity costs and end-user
discomfort with temperature. Ref. [138] proposes an intelligent residential energy management
system (IREMS) for smart homes. The proposed IREMS aims to reduce residential electricity
bills and constrain the electricity demand within the maximum demand based on the operation of
household appliances and RESs. A GA is hired to choose the size of RES and energy storage so

as to maximize the utilization of renewable energy.

Ref. [139] proposes an energy management system framework based on smart home area network
(HAN) to reduce electricity cost and peak-to-average ratio (PAR). The home gateway (HG)
receives real-time electricity price information from the demand response program and sends it
to the energy management controller (EMC). Then, the EMC will generate the optimal load
dispatch plan according to the demand response strategy and send it to the home smart appliances
in the form of instructions. Additionally, the method incorporates real-time electricity prices and
an inclined block rate (IBR) model. Finally, a GA is used to solve the objective function. In [140],
a second-life battery energy storage system (SL-BESS) from electric vehicles is applied to the
HEMS. Then, the article also establishes a variety of indicators of occupant satisfaction, which
includes equipment use satisfaction, thermal comfort and acoustic comfort. The proposed HEMS
will formulate an optimal load scheduling plan according to the electric energy cost, SL-BESS
life cycle, user satisfaction and PAR. Finally, a reference point-based non-dominated sorting

genetic algorithm (NSGA-III) is designed to solve the target problem.

4.3.MILP and MINLP

MILP/MINLP refers to the linear/nonlinear relationship between the optimization objective and
variables. Besides, this objective function needs to obey linear/nonlinear constraints with integer
variables. Ref. [141] designs an MILP-based HEMS. The proposed method can obtain the optimal
load scheduling plan under different constraints and keep the indoor temperature within an
acceptable range. Public data from the national renewable energy laboratory (NREL) is used to
validate the performance of the method. In [142], an MILP-based two-horizon algorithm is
developed for home energy management. The algorithm aims to formulate an optimal power
scheduling strategy with high time resolution, thereby reducing electricity costs. At the same time,
this method can also limit the calculation time to improve the calculation efficiency. Compared
with the moving window algorithm, this method has obvious advantages. A two-stage scheduling

optimization model based on flexible quantification in [143] is developed to achieve collaboration
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between distribution system operators (DSOs) and households. Among them, the intelligent home
energy management system (IHEMS) is designed to minimize electricity costs and ensure user
satisfaction according to user electricity consumption patterns. Then, an MINLP-based DSO
optimization model is developed to reduce network operating costs while considering the
uncertainty of the distribution system caused by wind power. In [144], a double-layers building
energy management system (BEMS) is designed for domestic dwellings aimed at optimizing
energy scheduling and bidding. Energy scheduling and bidding strategies are formulated as MILP
problems. The upper-level system determines the bid for the energy quantity by taking into
account the operating costs. The underlying systems are used to ensure an optimal operating mix
of building loads and distributed energy resources. Finally, the article uses real data of Sydney,

Australia housing to verify the feasibility of the proposed method.

A multi-objective MINLP model in [145] is designed to optimize household energy consumption.
The proposed method integrates objective functions under different constraints and user needs
aimed at reducing household energy consumption, and electricity costs, while ensuring thermal
comfort for end users. The real data is adopted to verify the performance of the proposed method
in different scenarios. Ref. [146] proposes an MINLP-based home energy management
framework aimed at reducing home energy usage costs and carbon emissions. Within this
framework, a technology-independent model of battery degradation was developed to address
wear and tear caused by irregular cycling of batteries in residential buildings. Simulation results
show that the proposed method can reduce the cost, capacity loss and carbon emission of the
system to 78%, 81% and 30%, respectively. Ref. [147] proposes an economical and efficient
HEMS for household power dispatching strategy. The delay tasks of household appliances are
divided into interruptible, non-interruptible, power non-adjustable and power adjustable tasks,
and mathematical models of constraints are established. Then, an optimization model for end-
user comfort is considered in the HEMS model, which represents the MINLP problem. Finally,
the proposed HEMS is tested under different conditions.

4.4. Other methods

Other methods such as stochastic programming, dynamic programming and artificial intelligence
algorithms are also used to solve optimization problems in HEMS. Ref. [36] proposes a
framework for home energy management based on stochastic programming, and this framework
also considers the electric vehicle availability and RESs’ uncertainty. The model minimizes the
cost of electricity used by end customers in different demand responses, while developing a
response fatigue to assess customer satisfaction. Household load data from Italy are used to verify
the feasibility of the proposed method. Ref. [148] proposes a framework for smart home energy
management based on a hybrid robust stochastic optimization model aimed at ensuring the

profitability of energy management for decision makers and the comfort of end users. The
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optimization framework considers real-time energy markets and uses stochastic programming to
model the uncertain characteristics of photovoltaic generation and energy prices. In [149], a
stochastic dynamic programming framework is proposed for energy management in smart homes
with plug-in electric vehicles (PEVs). This optimization framework aims to reduce electricity
costs while meeting electricity demand and PEV charging requirements. The system operation
mode is divided into vehicle-to-grid, vehicle-to-home and grid-to-vehicle. The performance of

the proposed method is verified in different operating modes using real-time electricity prices.

Ref. [150] proposes a smart charging method for a home energy hub (HEH), which aims to
improve the smart charging and discharging performance of electric vehicles. The optimal state
of charge of batteries and electric vehicles in HEHs systems is determined by the Bellman-Ford-
Moor algorithm (BFMA). The BFMA uses solar radiation, electricity price, and load history data
to improve system yield based on user preferences. Ref. [151] develops an energy management
system based on Lyapunov optimization technology for smart buildings integrating PV. The
purpose of this method is to reduce the electricity price for the users by considering the real-time
electricity price, battery degradation cost, thermal comfort and visual comfort of the users. Ref.
[152] proposes a HEMS called forecast™, which aims to improve the operation mode of home
appliances and satisfy the power demands of users under demand response program, thereby
achieving cost reduction and energy efficiency improvement. The HEMS is established based on
MPC with multiple objectives including energy cost, thermal comfort, user convenience and
carbon emissions. Then, machine learning algorithms are employed to derive mathematical
models and operating patterns of appliances, the purpose is to accurately predict energy usage
and comfort needs. Ref. [153] proposes a data-driven approach to HEMS based on ANN and Q-
learning algorithms, which is aimed to reduce the operating cost of the system. An ELM is used
to predict future electricity prices and PV generation. The real datasets are used to verify the

performance of the proposed HEMS.

In summary, the above subsections have studied different optimization methods in HEMS.

However, these methods still have some drawbacks that are summarized as follows:

o The above optimization method only considers the battery energy storage system.
Random behavior of users may cause high-frequency fluctuations in household load. The
battery is a HES which may not be able to handle the high frequency power fluctuations,
thereby reducing the life of the battery.

e Although some of the above optimization methods consider the thermal comfort of the
user, most of them only ensure the thermal comfort range of the user rather than the
optimal thermal comfort. In addition, thermal comfort cannot only consider the indoor

temperature level, but also factors such as humidity, clothing insulation, etc.
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5. Control methods in HEMS

Due to the intermittent and random nature of RES, it cannot provide continuous and stable power
demand for end users. Therefore, the HESS is adopted to suppress the high and low power
fluctuations of the system. In HEMS, the control layer will receive the control signal generated
by the optimization layer. The control signal will directly regulate the charging and discharging
operation mode of HESS, aiming at improving the power quality and ensuring the stable operation
of the system. Compared with the traditional single ESS, the structure of HESS is more
complicated. This also means that the controller design of HESS is more difficult. Therefore, this
chapter provides an overview of current HESS control methods. The control methods of the HESS

can be classified into three types: centralized, decentralized and distributed types.
5.1.Centralized methods

In the centralized type, a centralized controller will collect the status information of HES and HPS
through the communication system. The controller then generates pulse width modulated (PWM)
signals, which are sent to the power converters of the HES and HPS to regulate their charging
and discharging, respectively. The structural principle of the centralized control method is shown
in Fig. 5. There are many control methods used in centralized control types, such as filtration-

based control (FBC), fuzzy logic control (FLC), MPC, ANN, and optimization-based control.
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Fig. 5. The equivalent circuit diagram of the centralized control.

The FBC uses a low-pass filter (LPF) to decouple the total current of the system into low-
frequency and high-frequency currents. These currents with different frequencies will be defined
as current reference values, which will be respectively sent to the current controllers of the HES
and HPS to adjust the corresponding power converters [154—157]. For instance, ref. [154]
proposes a FBC strategy for HESS consisting of battery and SC, which aims to suppress sudden
power changes of the system. In the proposed method, the battery is used to provide low-

frequency power, while the SC suppresses high-frequency power fluctuations. The advantage of
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this method is that the transient power of the system is transferred to the SC, thereby reducing the
maximum peak value of the transient power of the battery and improving the service period of
the battery. This paper verifies the feasibility of the method through experiments. In [156], an
FBC-based supervisory control algorithm is proposed for battery-SC energy storage system in a
small wind power generation. The purpose of this method is to solve the irregularity of battery
charge and discharge caused by the uncertainty of wind power generation, thereby reducing the
life of the battery and increasing the operating cost. The proposed method is able to transfer short-

term charging/discharging cycles to SC to prolong the battery life cycle.

The FLC method is typically used to generate the reference current/power for HES and HPS
controls [158—161]. In [158], an FLC-based energy storage management system is designed for
battery-SC energy storage system in a medium-voltage DC shipboard power system. This method
is designed to meet the peak current requirements while allowing the access of pulsed loads. The
battery and SC in the system are connected to the DC bus through a bidirectional DC-DC
converters with a dual active bridge configuration. It is proposed that the energy storage
management system will generate reference power for the battery and SC according to the
demand of the system load. The proposed method is modeled and verified in SimPowerSystems,
and also compared with the proportional-integral based energy storage management system to
show the superiority of the proposed method. Ref. [161] designs a multiple FLC approach for a
HESS consisting of battery, SC, and fuel cell in a hybrid green power system. The purpose of this
control method is to suppress the irregular power fluctuation caused by the uncertainty of RESs.
This paper uses real data to simulate a hybrid green power system composed of wind power, PV
generation and HESS. The results confirmed the importance of SC in this system, which can
reduce the peak power of the system. In addition, the current fluctuation of the battery is also

reduced.

The MPC is also a popular method widely used in HESS control [162—165]. Ref. [162] proposes
an advanced MPC method for a battery-SC energy storage system. The MPC predicts PWM
signals based on the SoC status, current and voltage constraints of the battery and SC, which are
used to control the DC-DC converters. In addition, the method also adds the voltage of the SC to
the objective function, the purpose of which is to minimize the voltage variation of the SC.
Therefore, this method can ensure that the SC has enough power for future use. The proposed
method distributes the fast current to the SC, while the battery only needs to supply the average
current. Therefore, the life cycle of the battery can be extended. In [165], a novel MPC approach
is proposed for voltage control and power sharing of battery-SC energy storage system in a DC
microgrid. The MPC method will perform a one-step prediction based on the state information of
the HESS and the preset constraints to obtain the PWM signals, which will be used to adjust the
DC bus voltage and improve the anti-interference ability of the DC microgrid. In addition, the

method is able to perform power allocation between the battery and SC according to the remaining
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capacity of the HESS, thus ensuring that they are not overused. The proposed method is verified
in MATLAB/Simulink for its feasibility.

The ANN is trained through the collected data to optimize the control parameters of the HESS
[166—169]. Ref. [166] proposes an online-trained ANN-based control system for a hybrid AC/DC
microgrid consisting of PV generation, wind power generation, fuel cell and battery energy
storage. In this method, an adaptive ANN is used to track the maximum power of renewable
energy sources while controlling the energy exchange between microgrids and utilities. Then, the
FLC-based energy management system is designed to reduce the cost of electricity usage. The
feasibility of this method was verified under different conditions. In [168], a novel power
management strategy (PMS) based on hybrid bat search and artificial neural network (HBSANN)
is proposed for controlling battery-SC energy storage system in a DC microgrid. The proposed
PMS is capable of power distribution and DC bus voltage regulation within the constraints of the
SoC. In this method, the high-frequency power fluctuations are compensated by the SC, and thus,
the life cycle of the battery can be extended. In addition, the method also analyzes the harmonic
distortion of the AC voltage. A hardware-in-the-loop (HIL) platform is built to verify the

performance of the proposed method.

The optimization-based controls are also widely used in HESS to achieve power distribution, bus
voltage regulation and reduce investment costs [170-173]. In [170], a multi-objective
optimization based power sharing control strategy is proposed for HESS in a photovoltaic power
generation system. The optimization objectives of this method cover the energy loss, the SoC of
the SC and the charging/discharging frequency of the battery. Then, the paper also develops a
linear weighted summation algorithm based on variable weights to address the multi-objective
problem to generate the current reference values of battery and SC. The experimental simulation
platform is established to verify the feasibility of the proposed method. In [172], the paper
proposes a simulated annealing PSO algorithm for user battery-SC energy storage system in PV-
wind power generation system. The purpose of the algorithm is to minimize the operating and
investment costs of the system taking into account the system energy loss constraints, battery and
SC current constraints. The proposed method can increase the diversity of particle swarms and

avoid prematureness, thereby improving the global optimization ability of PSO.

The above literature has studied the application of different centralized control methods in HESS.
These approaches mainly focus on achieving power distribution between batteries and SCs, bus
voltage regulation, and reduction in operating costs. However, these methods all require a
communication network to be successfully implemented. This means that communication delays

and sudden failures can degrade the performance of these controllers.

5.2.Decentralized methods
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In decentralized control, each power converter is only regulated by local control (LC), which only
receives local data without requiring neighbor information and without considering the state of
the overall system. Therefore, the decentralized control method does not require any
communication system and enables plug-and-play functionality. The equivalent structure of the
decentralized method is given in Fig. 6. Currently, the droop-based control strategy is the most
popular decentralized control method [174—179]. The droop control method includes two current-
voltage and power-voltage droop methods, which can generate a reference voltage for a dual-loop
control system. For instance, ref. [174] develops an integral droop (ID) control based on the
charge and discharge characteristics of capacitors, which will form a coordinated control system
with traditional power-voltage droop control. Among them, ID is used to adjust the SC converter
to provide instantaneous power, while the traditional droop control is used to regulate the battery
converter to provide average power for the system. Then, a minimum relative impedance criterion
is developed to assess the stability of the system. Finally, the experimental results verify the
feasibility of coordinated control. In [176], a decentralized energy management framework is
proposed for battery-SC energy storage system in a DC microgrid. In this framework, a virtual
capacitance droop control with SoC recovery is used to regulate SC converters to suppress high-
frequency power fluctuations. A conventional current-voltage droop control is adopted to control
the battery converter to compensate low-frequency power fluctuations. During the operation of
the system, the SoC of the SC can automatically restore to the pre-set value, so as to ensure that
the SC can continue to work. The article also gives guidelines for the design of control methods

to ensure that there are no potential conflicts between controllers.
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Fig. 6. The equivalent structure of the decentralized control.

In [177], a novel virtual resistor and capacitor droop (VRCD) control is designed to be applied in

the HESS of shipboard medium voltage DC system. The HESS is composed of battery, SC and

flywheel. The proposed control method is able to make the HESS respond to low-frequency,

medium-frequency and high-frequency load fluctuations. In addition, the proposed method is also
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able to restore the SoC level of SC to the set value. The design process of the controller is
presented in detail. The proposed method verifies its performance in PSCAD/EMTDC. In [179],
a coordinated control method and power management system is proposed for multiple battery-SC
systems in a DC microgrid. The coordinated control is composed of v-dP and conventional droop
control, which are used to manage the SC and battery converter, respectively. The advantage of
the coordinated control is that power distribution and DC bus voltage regulation can be realized
simultaneously without an additional voltage restoration system, thus simplifying the overall
control system. In addition, the method also considers the SoC balance between batteries and the
SoC recovery of SCs. The proposed power management system can effectively prevent the
battery from overcharging and over discharging. A processor-in-the-loop (PIL) simulation

platform is built to verify the performance of the proposed method.

There are still other decentralized methods applied to the HESS, such as [180-182]. In [180], a
distributed control method based on frequency-coordinated virtual impedance is developed for a
battery-SC energy storage system in a DC microgrid. In this control method, the virtual
impedance is equivalent to an LPF and a high-pass filter (HPF), respectively, which can regulate
the battery and SC to suppress low-frequency and high-frequency power fluctuations. In addition,
the method also designs an SoC recovery system for the SC to ensure that the SC always has
sufficient power. In [182], a droop control based on HPF and LPF is proposed for HESS in
shipboard microgrid. Among them, the HPF-based droop controller is used to regulate the SC
converter to suppress the high-frequency power fluctuation caused by the frequent start/stop of
the shipboard. LPF based droop control is used to manage the power output of the battery

converter. This method also ensures that the SoC of the SC is within a safe range.

Decentralized control methods have been reviewed in the literature above. Most of these
approaches focus on power distribution, SoC restoration for SCs, and bus voltage regulation. A
small number of articles consider the SoC balance between batteries. Since the decentralized
approach has no communication system, it cannot obtain the data information of neighbors,

therefore, the accuracy of power allocation and SoC balancing will be reduced.
5.3. Distributed methods

A distributed approach can be defined as a multi-agent system. The control system of each power
converter can be defined as an agent, which will receive local information and collect data
information from neighbor agents through a sparse communication network, so as to realize the
coordinated control of the microgrid system. The equivalent structure of the distributed control is
shown in Fig. 7. Many published works have studied the application of distributed control systems
on HESS [183-188]. For instance, a coordinated droop control system with advanced voltage

recovery control in [183] is developed for multiple HESSs in a DC microgrid. The virtual
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resistance droop and virtual capacitance droop control methods are used to realize the power
distribution between the battery and the SC. Since the droop control will lead to deviations in the
bus voltage, a voltage recovery control system based on a consensus algorithm is developed to
ensure that the DC bus voltage is within a safe range. Then, the SCs can always guarantee enough
power for future use. The article also derives a small-signal model and analyze the stability of the
system to ensure that the proposed voltage recovery control does not negatively affect the droop
control. In [184], a distributed coordinated control strategy is proposed for multiple battery-SC
energy storage systems. The method employs virtual impedance droop control, which can
distribute the high-frequency and low-frequency components of the loads to the SCs and the
batteries, respectively. Then, a consensus algorithm-based voltage restoration and SoC balance
control method is developed to address bus voltage deviation and SoC imbalance between
batteries. In addition, the SoC of the SC can automatically restore to the safety level. The
performance of the proposed method is verified in RTDS Technologies real-time digital power

system simulator under different conditions.
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Fig. 7. The equivalent structure of the distributed control.

In [186], a consensus algorithm-based multifunctional control system is designed for multiple
HESSs in a DC microgrid. The traditional droop control method and the ID control method are
adopted to regulate the batteries and SCs to compensate the high and low frequency power
fluctuations of the system. In addition, the proposed control method can automatically realize the
regulation of DC bus voltage, SoC recovery of SCs and SoC balancing among batteries. The
stability of the control system is also analyzed in the frequency domain. Finally, the performance
of the proposed method is verified by the hardware platform. In [188], a distributed control system
based on a leaderless consensus algorithm is proposed for battery-SC energy storage systems in
an islanded DC microgrid. The control method implements power distribution between batteries
and SCs, DC bus voltage regulation, SoC restoration of the SCs and SoC balancing between

batteries through data information exchange between neighbors. The article studies the effect of
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the design of the control parameters on the system. The feasibility and performance of the

proposed method are validated through an experimental setup platform.

In summary, the above-mentioned distributed control method can realize multiple functions,
which cover power distribution, voltage regulation, SoC recovery and balancing. However, this
multifunctional control method will lead to the complexity of the overall control system. In
addition, potential conflicts may arise between control methods. Finally, communication delays
and failures can hinder data exchange between agents, reducing the performance of the control

system.
6. Case study and discussion

The randomness of user behaviors and the uncertainties of RESs will cause high-frequency power
fluctuations and power mismatch between hourly power scheduling and intra-hourly power
consumption. To this end, the battery is forced to compensate the high-frequency power
oscillations of the system, thereby reducing its service lifespan. Therefore, this article suggests
that HPS such as SC should be incorporated into HEMS to suppress high-frequency power
fluctuations. In this case, a HEMS based on multi-time MPC is presented in a home microgrid.
This case is used to study the charging/discharging conditions of the battery and SC as well as

the operating cost of the system under high-frequency power fluctuations.

In order to reduce the wear rate of the battery, a linear degradation model can be written as (1)

and (2) [189].

LTT; = Q, x DoDj x L (1)
B..

Ct — price b

B,per LTTB % \/ﬁ ( )

where LTTj is the lifetime throughput of battery (kWh). Oy, DoDg, and L are the battery
capacity (kWh), battery DoD, and lifetime. By, and u are the replacement cost ($) and charging

and discharging efficiency. Since the model in [189] cannot directly represent the relationship

between battery degradation and power variation, the model needs to be modified appropriately.
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Fig. 8. Relationship between cycle life and DoD.
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The relationship between life cycle and depth of discharge (DOD) is presented in Fig. 8. In this
regard, the fitting function of the curve from Fig. 8 is written as (3) and (4) [190,191].

Lg(DoDg(At)) = ag x DoDg(At) % x ¢c5 * DoD5(A 3)
Py(t) * At
DoDj(At) = % )
B

where ag, bg,- and cp are the curve-fitting coefficients for equation (2). Az is the time interval.
Pp(?) is the battery power at time ¢ (kW). Then, combining (1)-(4), total battery degradation cost

model can be expressed as (5).

Bprice x PB(t) x At
0, x DoDg(Af) x Lg(DoDy(A)) % \Ju

Cy(t) = (5)

where Cj is the total battery degradation cost. Then, an SC degradation cost model can be written

as (6).

Cprice

L x2x0Q

SC

Coelt) = X Pyo() x At (6)

where SCpice, O, and Ly are the SC price, SC capacity and total lifetime. Pg(#) is SC power
(kW). SCprice/(Lsc * 2 x Q) refers to the degradation costper kWh. P () x Az indicates the

energy variation of SC during time interval Az. The hourly cost of PV generation can be expressed

as (7).

C. = PVprice (7)

PY 7 Nyear X 365 x 24

where PV ;. and Ny, are the PV price and number of guaranteed years of the PV. The utility

electricity cost is written as (8).
Colt) = Pg(t) x 1,,(1) < At 8)
where npr(t) is the hourly electricity price at time # ($), and P,(?) is the grid power at time # (kW).

The multi-time MPC framework used in this case study includes long-term optimization (LTO)
and short-term optimization (STO). The LTO is used to reduce the operating cost and the STO is
used to reduce the power mismatch. The specific content of the optimization process of multi-

time MPC can be found in [135,192].

The power balance constraint can be written as (9).
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Pr(t) = Pg(t) + Ppy(t) + Pp(t) + Py(t) )

where P;(?) is the house load at time 7 (kW). P, () is the PV power at time ¢ (kW). The SoC
models of the battery and SC can be expressed as (10) - (13).

nG X Pp(f) X At

SoCy(t + 1) = SoCx(f) — 0 L Pa() <0 (10)
B

SoC 1) = SoC Ps@) X At -, >0 11

oCp(t+ 1) = SoCp(?) — m, 5(2) (11)

ng, X Psc(z) X At

SoCq. (t+ 1) = SoCy () — , Pe(1) <0 (12)
Qsc
Py () X At
SOCsc(t +1)= Socsc(t) - A o .d 0 Psc(t) >0 (13)
Qsc X e

where SoCp(#) and SoCy(?) are the SoC of battery and SC. #3, 75 7]% and ;7‘510 are the charging

sc’
and discharging coefficients for battery and SC. The SoC and power constraints of the battery
and SC can be written as (14) - (18).

SoCHM < SoCx(f) < SoCHx (14)
SoCMi" < §0C, (1) < SoCMm™ (15)
PUin < Pa(f) < P (16)
PN < P (1) < PO (17)
PN < Py (1) < P (18)

where SoCH™, SoC™", SoCH™ and SoC™™ are the minimum and maximum SoC of the battery
and SC. pyin, pmin, Pgmin, Pg™, P and Py** are the minimum and maximum power of the

battery, SC and utility. The objective function of LTO is written as (19).

min Fyro = z (Cg(tLT) + Cpir) + Cooltpr) + Gy (19)

it €{1.....,TL1}

st. (5)—(18)

variables: {Py(iir), Pp(iLr), Pec(iLr), Prac(tir)}
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where 717 is the time horizon for LTO. # 1 is time in LTO. Then, the objective function of STO

can be written as (20).

minFsro = ) Cultsy) + [P (1) = PG| + [P () = PG| (20)

tst € {1,...,Tst}

st. (5)—(18)

variables: {Py(ist), Pec(ist)s Pplist)}, S,

The public datasets consisting of load and weather data for individual house are obtained from
NREL database is used to validate the feasibility of the method [193]. The hourly electricity price
data is collected from energy market company of Singapore [194]. The long-time and short-time
scales are 1 h and 5 min, respectively. The errors (5%, 10%, and 20%) in the household load and
PV data is randomly generated, which represent power mismatches. The results are given in Fig.

9 and Table 3.
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Fig. 9. Simulation results: (a) The output power of the SC, (b) the output power of the battery.

Table 3

The operating costs under different stochastic errors.

Errors 0% 5% 10 % 20 %
Operating cost ($) 12.1407 12.2046 12.0842 12.3540
Cost efficiency (%) 22.7790 22.3727 23.1380 21.4223

It can be seen from Fig. 9(a) that the HEMS automatically distributes the high-frequency
component of the load to the SC energy storage. As the error increases, the SC will release/absorb
power frequently to suppress system power fluctuations. In Fig. 9(b), the battery energy storage
is responsible for providing low-frequency power demands, and its power output does not change
frequently as the error increases. Therefore, the life cycle of the battery can be extended. It also
can be observed from Table 3 that the operating cost and cost efficiency of the system are 12.1407
$ and 22.7790 % in the case of zero error. When the error of load and PV generation increase
from 0% to 20%, the operating cost and cost efficiency of the system do not change considerably.
Therefore, the integration of HEMS with HESS can ensure that the change of operating cost is

within an acceptable range under the condition of error change.
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7. The future trends of the HEMS

Currently, most HEMS approaches only consider a single type of HES such as a battery as an
energy storage device for a home microgrid. Very few articles such as [74,75] consider HPS in
home microgrids. However, these methods also only focus on power distribution and do not
consider operating costs. The intermittent nature of RESs and the randomness of end-user
behaviors results in the power mismatch between different time resolutions such as hourly and
intra-hourly loads. Therefore, this article provides a suggestion on the integration of HPS systems
such as SC in the home microgrids. To this end, this article presents a case for studying the
charging/discharging of HESS and operating cost change of the system under power mismatch.
It can be seen from the results that SC can effectively suppress high-frequency power fluctuations
and prolong the service life of the battery. Besides, the operating costs of the system will not vary
considerably. Therefore, HEMS integrating HES and HPS can be suggested as one of the research
trends. Furthermore, the joint optimization of HES and HPS in HEMS considering different

optimization objectives and constraints has not been deeply studied, which is still a challenge.

From the literature review, it can be concluded that most HEMSs are focused on reducing
electricity and operating costs while maintaining user comfort. However, these HEMS are all
aimed at reducing household electricity consumption, which may result in higher power
generation at the utility than demand side electricity demand. Therefore, a mechanism for energy
exchange between end users and distribution system operators should be developed to suppress
this power mismatch problem. In addition, user comfort mentioned in most articles refers to
thermal comfort, which is expressed by room temperature. According to ISO 7730:2005 standard,
the thermal comfort model considers indoor temperature, humidity and clothing insulation [195].
Therefore, this article suggests that the thermal comfort model in ISO 7730:2005 should be
integrated into HEMS to maximize the user’s thermal comfort rather than setting a thermal
comfort constraint. Then, the user comfort should not be limited to thermal comfort, visual

comfort and air comfort should also be considered in HEMS.

Most published load forecasting methods are applied to large buildings and residential
communities. A small amount of research work has focused on developing load forecasting
methods for single households. However, the predictive accuracy of household load will be
affected by load characteristics and user behavior randomness. To this end, this article suggests
that household load characteristics, user behavior patterns and satisfaction should be considered
in the design of household load prediction methods. The current control method of HESS can
realize power sharing, voltage regulation, SoC balancing of battery and SoC recovery of SC
simultaneously. However, the structure of this multifunctional controller is relatively complex,

and the parameters of the controller need to be carefully designed to avoid conflicts between
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control loops. Therefore, the simplification and versatility of the control method of HESS is still

very challenge.

8. Conclusion

This article provides an overview of the literature on HEMS for home microgrids. The concept
and structure of the home microgrid are discussed in detail. In this way, this article introduces
HESS in the home microgrid to replace the traditional single energy storage system. The objective
of the HESS is to suppress low- and high-frequency power fluctuations in home microgrid. Then,
the structural characteristics of HESS are discussed in depth. This paper also provides an in-depth
analysis of the functions of HEMS including load forecasting, optimization and control. Among
them, the article classifies each function in detail, then analyzes and discusses the proposed
method in depth. Then, the article provides a case to verify the feasibility of considering HESS
in HEMS. Finally, this article gives insights into the future trends of HEMS including load

forecasting, optimization methods and control techniques.
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Preamble:

As discussed in Chapters 1 and 2, the intermittent nature of renewable energy sources causes
significant challenges in providing stable electricity to households. In order to solve this problem,
battery energy storage systems are adopted to improve the power quality and meet the power
demand of users. Therefore, this chapter addresses the imbalance between the batteries and DC
bus voltage deviations. This chapter proposes a fully decentralized control system for battery
energy storage systems in DC microgrids. This approach enables state of charge (SoC) balancing
among batteries regardless of whether the batteries have the same capacity. In addition, the
proposed method can ensure that the bus voltage is within a safe range. Furthermore, the voltage
restoration control in this chapter is equivalent to a high-pass filter (HPF) to remove the
communication system between the primary and secondary controllers. Finally, the performance

of the method is verified on a processor-in-the-loop (PIL) simulation platform.
Abstract:

State of charge (SoC) imbalance and dc bus voltage deviations are significant issues for
distributed battery energy storage systems in autonomous dc microgrid applications. Accordingly,
a high-pass filter (HPF) based SoC balancing method is proposed to achieve SoC balance by
considering different SoCs and capacities, and a band-pass filter (BPF) based power droop control
is used to accomplish power-sharing and voltage compensation. Through this approach battery
storage units (BSUs) with higher SoC and capacity deliver more power during discharging mode
than those with lower SoC and capacity. During charging mode, those BSUs with higher SoC and
lower capacity are controlled to absorb less power than those with higher capacity and lower SoC.
Therefore, SoC balance can be achieved between distributed BSUs. Besides, the dc bus voltage
is maintained within the desired range by adopting the proposed method. In addition, the control
method employed also considers the impact of line resistance. The proposed control strategy is
implemented in a fully decentralized way which does not require any communication link, while
maintaining system stability. MATLAB/Simulink and processor-in-the loop (PIL) simulation

results verify that the proposed control strategy is effective and feasible.
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1. Introduction

Globally, an increasing share of energy in an electrical form is being sourced from renewable
energy resources (RERs). A microgrid is a small-scale power system that has a pivotal role in
the integration of RERs into future societies, along with BSUs [1], [2]. Since the RERs, BSUs
and many loads are dc in nature, these system components can be directly interconnected through
a dc microgrid using dc-dc converters and without any dc-ac conversion stage [3]. This avoids
incurring the problems related to frequency stability, reactive power compensation, and
synchronization that are inherent to ac systems. Consequently, significant research effort has been

expended on the dc microgrid concept, some examples of which include [4], [5].

The configuration of a dc microgrid is given in Fig. 1 [6]. Due to the stochastic nature of RERs,
BSUs are employed to alleviate microgrid power fluctuations. This improves power quality and
system stability [7], [8]. In the control system of BSUs, power converter systems (PCSs) are used
to achieve power-sharing and SoC balancing among distributed BSUs [9]-[11].
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Many studies have investigated PCSs [12]-[17]. In [12], a coordinated secondary control based
on a current sharing method is proposed to achieve charge/discharge monitoring and SoC balance
at the same time. In [14], an accurate power-sharing approach is presented to balance the SoC
among BSUs in dc microgrid. In [16], a droop method is proposed based on voltage scheduling
to guarantee the SoC balance of the BSUs. The mentioned distributed methods require a
communication network to exchange system data. However, a single point of failure and
communication delay can deteriorate the performance of the PCS controller [2], [18], [19]. To
address these issues, a fully decentralized approach can be employed for dispersed BSUs [20]-
[28], that does not require any communication link [20]. In [21], a multifunctional droop control
method is proposed to achieve the SoC balancing by adopting the SoC-based frequency
scheduling in ac microgrid. Nevertheless, this approach results in serious frequency error and
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neglects the different capacities of BSUs. Due to the different capacities of each BSU, the SoC
balancing process may fail to complete. By extending the approach in [21], a novel SoC balancing
based droop control scheme in [22] is presented to balance the SoC with different capacities.
However, these works are completed in the ac system. In [24], a droop approach based fuzzy
logic control approach is proposed to balance the SoC among batteries by regulating virtual
resistances in low voltage dc microgrids. In [9] and [11], the droop coefficient is set to be
inversely proportional to the SoC" in the discharging mode, but proportional to the SoC" in
charging mode, with n defined as the convergence factor. However, these control methods ignore
the voltage deviation caused by droop control and SoC balancing scheme. In [25], an SoC-based
virtual dc machine control strategy is proposed to achieve the SoC balance and to alleviate the dc
bus voltage deviation. However, the methods do not consider the impact of BSU capacities on
SoC balancing scheme. In [27], a SoC based droop control is presented to achieve the SoC
balance. However, the proposed method is only suitable for SoC balance of batteries with the
same capacities. Although the SoC balance with different capacities can be realized in [28], the
method fails to consider the line resistance, and causes the voltage deviation. Hence, the SoC
balancing strategy based on a fully decentralized manner needs to be further studied for dc

microgrid applications.

In this paper, a novel filter-based droop control with SoC balancing scheme for dc microgrids is
proposed, which does not require any local communication systems among BSUs. The major

contributions of this paper are summarized as follows:

a) The proposed HPF-based SoC balancing approach can achieve SoC balance by
considering different capacities and SoCs among BSUs.

b) Voltage recovery and power sharing are achieved by introducing BPF-based power droop
control.

¢) The proposed method eliminates the influence of different line impedances on output
power-sharing and the SoC balancing scheme.

d) The design procedures on control parameters of the proposed method are elaborated in

detail. Then, the system stability is analysed by using root locus method.

The rest of this paper is organized as follows. The SoC-based droop control is introduced in
Section II. In Section III, the design procedures of system parameters and system stability are
explained in detail. Section IV presents simulation results, which verifies the proposed approach.

The conclusions are presented in Section V.
2. Proposed SoC-based droop control scheme

2.1. Basic operation of BSUs
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In Fig. 1, BSUs can be used to compensate for the power shortage of the microgrid and to absorb
the surplus power of RERs. During the operation of the BSUs, the SoC level among BSUs is
required to be balanced. This avoids the overuse of any specific BSU, and thus improves BSU

lifetimes.
2.2. SoC estimation method

Currently, the Coulomb counting method is widely used to estimate the SoC, using [11]:

1

SoC = SOCini__fILxdt (1)
Eb_x -

where, SoCiy;, £}, +, and I; . are the initial value of SoC, battery capacity and output current for

x" BSU, (x=1, 2, ..., n), respectively. Equation (1) can be further derived as:
1
SoC = SoC;,; — mjpx dt 2)

where, V, and P, are the output voltage and power of x” BSU. From (2), the SoC of batteries is
affected by the output power of BSUs. Therefore, SoC balancing can be achieved through
regulating BSU output power levels.

2.3. Proposed filter-based droop control with SoC balancing strategy

Droop control in a dc microgrid setting can be implemented using:
Vb_x =V,—m.pP b x (3)

where, V, and m, are the reference voltage for dc bus and droop coefficient of x” BSU,
respectively, and V}, , and P}, , are the output voltage and power of BSUs converter, respectively.
It should be noted that P, , is filtered by the low-pass filter (LPF), to attenuate high frequency
components in the power waveform [11]. P , is positive in discharging mode and negative in
charging mode. The droop coefficient m, is determined by the maximum allowable dc bus voltage

deviation Vy,, and power rating Pging.-

AVmax

m, = : 4
! P, rating

In addition, if the line resistance is assumed to be omitted, and the output voltages of BSUs are

considered to be equal, it yields
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Fig. 2. Structure of the BSUs with the proposed control methods and a comparing control method, (a) dc-dc
bidirectional converter, (b) proposed filtered-based SoC balancing scheme with the proposed voltage restoration for
BSUs’ converters, (c) proposed SoC balancing scheme with the voltage recovery from ref. [28] for BSUs’ converters.

Vb_l = Vb_2 = .. = Vb_x' (5)

From (3) and (5), if m;=m,=...=m,, the output power of BSUs must be equivalently allocated at
steady-state. This is a necessary condition for achieving the SoC balance. In order to balance the

SoC among BSUs, an enhanced droop control is shown as follows:

my

Py x (6)

Vb x = Vr - ksoc x(SOCr x SOCm x) - E_
. » . . b -

where kg,  , SoC,. ., and SoC,,  are the droop coefficient of SoC balancing scheme, reference

SoC and measured SoC for x” BSU.

In (6), the second and third terms are the SoC balancing and power droop control that cause the

voltage variation. If the initially measured SoCs of two BSUs are described as SoC,, ; and
SoC,, 5, SoC,, ; is assumed to be greater than SoC,, ,. Then, taking the same SoC droop
coefficient and SoC reference, the second term of (6) satisfies kg, (SoC, | —
SoC,, 1)<ksoe 2(S0C,. » — S0C,, »). As aresult, the voltage of the BSU with higher SoC descends

less than the one of the BSU with lower SoC. Moreover, similar to the analysis of the second
term, the power droop control shows that voltage drop caused by the low-capacity battery is larger
than the ones with high-capacity. Finally, the BSU with higher voltage release more active power

compared to the BSU with lower voltage.

As observed from (5) and (6), if two batteries with the same capacities are considered, it yields
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ksocJ SOC;;I - ksoci2(socr72 - SOCmﬁZ)

SoC,, | =
o1 ksoc_l

(7)
From (7), taking the same SoC droop coefficient and reference SoC, the SoCs of two BSUs reach
a consistent value at steady-state. As analysis of equation (6), the BSU with higher capacity
delivers more constant power compared to the ones with lower capacity at steady-state. Hence,
the SoC disparity among the multiple BSUs is gradually reduced, and finally, the SoC balancing

can be accomplished.

However, the SoC balancing scheme and droop control in (6) can result in serious bus voltage
deviation in the steady-state. Therefore, the secondary control is widely adopted to compensate

for the voltage loss by adjusting the set point for the primary control. Equation (6) can be modified

as follows
mx
Vb_x =V, - ksoc_x(socr_x - SOCm_x) - Hpb_x—i_AV 3
X
ki
AV = [kp(Vr - Vb_x) + ? (Vr - Vb_x)]Gd(S) )
Gls) = — 10
a5) = — (10)
where, AV, k,, and k; are the voltage compensating term and control parameters for the restoration

control. The secondary control requires low-bandwidth-communication to achieve the data
exchange with the primary control [29], [30]. G,(s) represents the delay in the communication
system [31]. However, the communication delay and faults deteriorate the performance of the
proposed method. In order to eliminate the communication issues, the secondary controller can

be integrated with the primary control. A novel equation can be derived by combining (8) and

(9):

k S m *S
soc
Vb i v X X

S AQeC——— 2 p 1
T T st 0T Gt Dsthy (i

where, ASoC = (SoC, , — SoC,, ,) and m, = my/Ey . . From (11), the secondary control
algorithm is equivalent to an HPF component that is added to the traditional power droop control
and SoC balancing scheme. Therefore, the communication delay (10) is fully eliminated. By
adding an HPF algorithm, the output voltage of BSUs can be restored to a pre-set value at steady-
state. As a result, the voltage deviation caused by the power droop control and SoC balancing

scheme is reduced by the proposed fully decentralized method.

Considering Py, , = [w /st L)]PZ_X, (11) can be further modified as:
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Vb_x =V, - GHPF(S)ksoc_xASOC - GBPF(S)m:P Zﬁx (12)

S (©) 8
(k,*D)sthk; stop

Gppr(s) = (13)

where, Gypp(s) = s/[(k,+1)s+k;]; o) and PZ_X are the cut-off frequency of the LPF and the

output active power of the converter, respectively. The power-sharing and voltage restoration in

the proposed controller are determined by the BPF, as shown by (12) and (13).

In practice, however, there is a line resistance between the terminal converter of BSUs and the dc
voltage bus. The conventional droop control usually neglects the influence of line resistance on
the system. In this case, the presence of line resistance deteriorates the performance of the
proposed SoC balancing strategy. To overcome this issue, an extra control loop is added to the
proposed scheme. In order to facilitate the observation, an equivalent circuit with the proposed
control for BSUs is shown in Fig. 2(a). The SoC-based droop control with considering the line

impedance can be derived as:

Vi« =V, — Gupp(s)ksoe 2 ASOC — Gppp(s)my Py « + Ve (14)
P,
Vine x = Riine x W (15)
X
N e
Py o=y, (16)
line x

where, Viine  and Ry , are the line voltage and resistance for the x" BSU. Subsequently, (14)

can further be written as follows by considering (13), (15), and (16):

k *
socixS mys wr, *

ASoC+ (Vi » = Vigy ) — e+ D5, . o Py & 17

Vy =V, ——

PETIT (k4 Ds

It can be observed that the voltage drops produced by different line resistances are eliminated by
introducing the third term of (17). Therefore, the SoC balancing and the improvement of power
quality can be achieved regardless of the line resistance values, whether they are the same or

different. The control structure is shown in Fig. 2(b).
3. Control parameters design and system stability analysis

For the proposed scheme, it is expected that BSUs with higher SoC supply more power compared
with the ones with lower SoC. Generally, the BSUs are taken into account as the ideal voltage
sources. Nevertheless, the converter systems with BSUs cannot be considered as the ideal voltage

sources in practice. This is because the output voltage of the dc-dc bidirectional converter is
69



impacted by control system parameters. Therefore, the parameters are required to be designed
better to guarantee the effectiveness of the proposed method. This section depicts the design
process of the control parameters and the system stability analysis. From Fig. 2(a), the dynamic

average model of the converter can be written as:

cWox__an —g 18

Xt _( d)Lix b x ( )
di; .

rIL_x+Lth_ =V= (1 - d)Vb_x (19)

where, 7, C, and L, are the resistance of inductor, filter capacitor and inductor of the converters;

I}, , 1s the output current of BSUs converter; d denotes the duty cycle.

The dual-loop control is widely adopted for the dc-dc bidirectional converter. By considering (18)
and (19), the control diagram for converter is shown in Figure 3. G,(s) and G_(s) are the regulator
of the voltage and current, respectively; D is the steady-state value of the duty cycle. The

equations are written as follows:

kvi
= +— 2
Gy(s) = k= 20)
kci
Ge(s) = kept— 21
s
p=t"k 22
== (22)
where, ky,, kyi, ko and kg are the control parameter for the voltage and current loops,

respectively. As shown in Fig. 3, the open-loop transfer function of the current loop (G, (s)) can

be written as:

(23)

According to (23), w, is assumed to be the control bandwidth of the current loop. In order to
obtain enough phase margin, the corner frequency of the current regulator kg/k, in (24) is
required to be less than w,. [32], [33]. Hence, the coefficient # must be less 1, which is set between

0.1 and 0.2 in this paper.

kci

= no,. (24)
kep
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At a corner frequency of w,, the gain of the open-loop transfer function should equal to 0 dB. By

considering (24), (23) can be modified as

ja)ckcp+77wckcp . V,

=1 (25)

Geo(jo,) =
co(]a)c) ‘ jwc jCOCLx+I’

As observed in (25), 7 can be ignored since it is very small. Hence, the proportional and integral

parameters for current loop can be obtained as follows:

/ w2L+r?

ke, = (26)
Ccp Vr
no,., /w£L§+r2
ki = ————— 27
:

Since the response speed of the current regulator is much faster than the voltage regulator, the
current loop can be considered as a gain of 1 when the voltage regulator is designed. Similar to
the design procedure of the current regulator (23)-(27), the control parameters for the voltage loop

can be derived as follows:

ky, = G 28

vp 1—=D (28)
77605Cx

kvi - 1 D (29)

where, w, is the control bandwidth of the voltage control. Typically, w, is designed to be much
less than ., i.e. . = 5w,, to guarantee the response of current control reaches steady state
before any change is applied to reference current by the voltage control. Meanwhile, w, should

also be selected to be much less than the switching frequency w;, i.e., o, = 10w,.

To compensate for the voltage drop due to deviation generated by the droop method and SoC
balancing scheme, the voltage restoration is integrated with the power droop control. As it can be
observed from (12) and (13), the performance of the proposed method is dominated by the cut-
off frequency of BPF. Besides, the definition of cut-off frequency illustrates that the gain of BPF
at the upper and lower cut-off frequency should be -3 dB [34]. Therefore, the effectiveness of the
voltage compensation and SoC balancing can be guaranteed by this definition. Equation (13) can

be further written as:

wrs
s?+(ktwp)stork;

Gppr(s) = (30)
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where, the cut-off frequency of HPF should be smaller compared with LPF (k; < w;). From
second term of (12), Gypr(s) can be further modified as (31).
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Fig. 3. Dual loop control architecture of the converter system.

1
Guure(s) s kp+1S G31)
HPF(S) = = .
(k,+1)s+k; 1
P s+ kp+1 ki

From (31), the gain of Gypg(s) is 1/(k,+1), which affects the droop factor m, and droop
coefficient for SoC scheme kg, .. Therefore, the gain value must be as close to 1 as possible.

Thus, k, is chosen as 0 in this paper.

The system stability analysis can be achieved by using root-locus approach. By considering Figs.
2 and 3, the steady-state relationship between the output voltage of BSUs and reference voltage

can be derived as follows:

Gv(S)(l - D)[Vr - GHPF(S)(m*Pbix_’_ksocixAsoc)] 1

v, = — I
bx C.s+G,(s)(1 — D) C.s+G (s)(1 — D) >+

(32)

where, G,(s) = (0,Cys — n0?C,)/[(1 — D)s] and Gypp(s) = s/(s+k;).

If there is no voltage change, the current relationship in (18) can be expressed as I; , =/, /(1 —
D). Furthermore, substituting /, =V} /R; based on Figure 2, (1) can be written in s domain as

(33).

1
ASoC = m Vbﬁx (33)

where, R; is the load resistance. By combining (33) and small-signal disturbance, it produces

— 1 ~

ASoC=———"7—"—7V, .. 34
== DE, R - 39

By considering the output power, it is obtained that
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_ wy, *® (95 Vbﬁx

P b x— P bx— '
stwy stw; R;

(35)

where, Vb*j is unfiltered output voltage the converters. If power loss caused by LPF is ignored,
then V,,ix ~ V) . After, the small-signal model can be written as

~ (1) 5 2Vx

P, .= :
bx " stw; R.(1—D)

I~/b_x. (36)

By substituting (34) and (36) into (32), and performing small signal perturbation, it yields

= _ Gv(s)(l - D )FI?V Vbﬁx ’Vbix
"X CstGys)(1=D)  [CestGy(s)(1 = D)IR,  [CostGy(s)(1 — D)IR;(1 = D)

Gupr(s )ksocix AVbix
[CstG()(1 = D)IRLEy (37)

By considering two BSUs, the small-signal model of the relationship between the reference
voltage and the output voltage of BSUs’ converters are given by (38). Specifically, x=1 denotes
the BSU,, while x=2 denotes the BSU,.

3 2
~ by 35°+by p5°+by 15thy o

V= V, (38)
- ax74s4+ax73s3+ax7252+ax71s—i—axio

where, a, 4 =R Ep ,C(1=D) ; a3 =RE C(1=D)kito)to,R Ey (C(1—D)+
Ey, (1=D) ; ac,=RE C(1 - Dkow+o,RE, C(l — D)(ki+CUL)+77w3RLEb7xCx(1 -
DY+, C,Q2miViEy cop = ks ) + Ep 2(1 = D)kitewp) + Ep (1 = D)(kitwy) ay | =
w R Ep (C(1 = DYk R Epy oy Co(1 — D)Xkt )+, Coksoe xw1+Ep Co(1 — DYkjooy,

HOFCe2mVEy w0 — koo ) 5 ax o = 07 Cukgoe s t103CEy (R (1 = D)k, 5 by 3 =
®,CcR (1 = D)E}, ; by » = 0,CR, (1 = D)Ey, (kitw)*R,Ey oy C(1=D) by 1=

o,CRL(1 = D)E, ki +10iCeR (1 — D)Ey X(kitwp); by o = noiCeR(1 — D)Ej kioy.

Subsequently, considering the line resistances, the relationship between the dc bus voltage and

output voltage of BSUs’ converters is presented by (39).

Vdcibus _ Vbﬁl - Vdcibus I Vb72 - Vdcibus
Ry Riine 1 Riine 2

(39)

where, Ry | and Ry;,. » are the line resistances between the dc bus and BSUs’ converters 1 and

2, respectively.
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Then, substituting (38) into (39), the characteristic function of the proposed control system is

shown as (40).
agsS+a,s’+agsO+ass’ +aysttays taystta stag = 0 (40)

where ag =aj 4a0 45 a7 = ay 44y 3ta; 3a3 43 ag = ay 443 otay 3ay 3tay 2ay 43 a5 =
a 1tay 3a; otay Ka; 3tay 14y 43 Ay = ay 4ap gtay 3ap (tay 2ap ptay ap 3tay ga 43 az =
ay 3a; otay 2ap 1tay 1ax ytay oap 35a; = ay 2a; gtay 1ax tay oap 25 ap = ay a; gtag oay 1

apg = ay o4z o-
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Fig. 4. Root locus diagram for droop parameters, (a) Root locus for different k., (b) Root locus for different m, (c)
Root locus for different k;, (d) Root locus for different w; .

From (40), the system stability analysis can be accomplished by observing the placement of the
dominant poles in the closed-loop characteristic equation. Therefore, the proper coefficients can
be chosen to guarantee the effectiveness of the proposed method. Based on the specifications in
Tables 1 and 2, the dominant poles with different droop coefficient for SoC balance are shown in
Fig. 4(a), while the dominant poles with different droop coefficient for power droop is displayed
in Fig. 4(b). It shows that the closed-loop dominant poles are sited in the left half of the s-plane
with different droop parameters. Consequently, the system stability of the proposed control can
be guaranteed. From Fig. 4(c), when £; varies from 0 to 1x2xw rad/s, the control system contains

three negative real dominant poles (p,, p, and p,) that move to the left side. This means that the
system has fast dynamic response capability and stability. From Fig. 4(d), when the cut-off
frequency w;, changes from 0 to 10x2x rad/s, the dominant pole p, is located on the left negative
real axis. This illustrates that the stability and dynamic response of the control system can be

guaranteed. At the beginning, the dominant poles p, and p, are on the left negative real axis, and
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the moving span is relatively large. This means that the dynamic performance of the control
system is accelerated. However, as o, increases, p, and p, change from negative real poles to
complex conjugate poles. This indicates that the system may suffer oscillation. As a result, the

HPF and LPF will not affect the dynamic performance and stability of the system by selecting

appropriate parameters.

Table 1 Droop coefficient for system stability analysis

Items Symbol Value
Droop coefficient for power control m, [0,0.01] V/W
Droop coefticient for SoC balance ksocix [0,5]V
Voltage compensating term k; [0, 1x2x] rad/s
Cut-off frequency of LPF Wy [0, 10x2x] rad/s
Table 2 System parameters
Items Symbol Value
Reference voltage v, 500V
Battery voltage Ve 300V
Converter capacitor C 200x10° F
Converter inductor L 2x10° H
Resistance of inductor r 0.01 Q
Cut-off frequency of LPF oy 2x2m rad/s
Voltage restoration gain k; 0.45%2m rad/s
Voltage control
bandwidth w, 100x2x rad/s
Current control
bandwidth @, 500x2x rad/s
Switch frequency 1 5000 Hz
Voltage control ki 02094, 13.1595
parameters
Current control kcp, ke 0.0126, 3.9483
parameters
Resistance load R, 28 Q
Line resistance - 1 Riine 1 050
Line resistance - 2 Riine 2 1.2Q
Line resistance - 3 Riine 3 250
Reference SoC SoC, 100 %
Time constant T 05s
Table 3 Droop coefficient for simulation verification
Items Symbol Value
Droop coefficient for power control m, 5.5x103 V/IW
Droop coefficient for SoC balance ksoc x 225V

4. Simulation verifications

To verify the effectiveness of the proposed filter-based droop scheme, an islanded microgrid
including three BSUs is implemented in MATLAB/Simulink and processor-in-the loop (PIL). In
cases 1 to 6, BSUs supply 9 kW power to the load at the beginning. The 3 kW load is added into
the system at 20 s and removed from the system at 50 s. The scheduling equation is given as

follows.
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9kW, 0s<t<20s,
Plaa(®=1 12kW, 20s<t<50s, (Cases 1-6)
9kW, 50s<t<140s.

Besides, the charging and discharging modes of BSUs are switched by regulating the dc bus
voltage. From 0 s to 70 s, the dc bus voltage is less than the reference voltage, the BSUs run in
discharging mode. After 70 s, the dc bus voltage is adjusted to be greater than the reference
voltage, the BSUs will operate in charging mode. The system parameters are listed in Tables 2

and 3.

4.1.Case 1: Proposed method without voltage compensation and with LPF
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Fig. 5. Simulation results for case 1, (a) SoC of BSUs without voltage restoration, (b) DC bus voltage without voltage
restoration, (c) SoC of BSUs without voltage compensation for line resistance, (d) DC bus voltage without voltage
compensation for line resistance, (¢) DC bus voltage without the LPF, (f) The influence of the different cut-off
frequencies of the LPF on the output voltage.

Three sub-cases are studied: first case is the SoC-based droop control without the voltage
recovery, where the simulation results are shown in Figs. 5(a) and 5(b). The second case is the
voltage drop induced by different line resistance, where the simulation results are provided in
Figs. 5(c) and 5(d). The third case is the time-delay caused by LPF, where the simulation results
are shown in Figs. 5(e) and 5(f). Three BSUs consider the same capacities and different initial
SoC condition (SoC;=90%, SoC,=80% and SoC3;=70%). Fig. 5(a) describes the SoC balance
can gradually be reached by adopting the proposed method. However, the voltage deviation in
Fig. 5(b) exceeds the acceptable range of +£5%. Meanwhile, the voltage drop caused by the load
change cannot be restored to the pre-set value. Hence, the voltage error issue caused by the SoC-
based droop control is not solved. From Fig. 5(¢c), the SoC balance cannot be accomplished by

the proposed SoC balancing method since different voltage drop caused by the line resistance
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deteriorates the equivalent power-sharing among BSUs. Moreover, the voltage deviation at steady
state still exists in Fig. 5(d), and should further be minimized for better performance. From Fig.
5(e), without an LPF, the dc bus voltage is an instantaneous voltage with a high frequency band,
which is not conducive to the stable operation of the system. Therefore, the LPF is required to be
added to the system to remove unnecessary high-frequency parts. However, the LPF may cause
time delay, hence, the relevant parameters should be selected appropriately. From Fig. 5(f), when
the cut-off frequency of the LPF is selected as wy 1, it takes 13.5s for the bus voltage to reach a
steady state. However, when the cut-off frequency is wy, and w3, the bus voltage only needs
2.6s to reach a steady state. Therefore, a lower cut-off frequency will cause more time delay,
thereby reducing the dynamic response of the system. Finally, the cut-off frequency of this paper

1S 2x2mw rad/s.

4.2.Case 2: SoC balancing scheme with the same capacities and different SoCs (SoC;=90%,
S0Cr=80%, SoC3=70%)
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Fig. 6. Simulation results for case 2, (a) SoC of BSUs, (b) Output power of converters, (c) DC bus voltage.

In order to solve the issues in case 1, the voltage restoration loop for SoC-based droop scheme
and different line resistance is considered in the proposed method. From Figs. 6(a) and 6(b), the
BSUs are initially in discharging mode and then switched to charging mode. In discharging mode,
BSU, and BSUj3, respectively, supply the highest and lowest power to the load due to their SoC
level, so that the decrease rate in the SoC of BSU; is higher than that of BSU3. Therefore, the SoC
deviation among BSUs is gradually reduced. At 70 s, BSUs operate in charging mode. The SoC
deviation progressively decreases to zero, and the power absorbed by each BSU is equivalent.
Therefore, the SoC balance among BSUs can be achieved by adopting the proposed SoC
balancing method. As observed in Fig. 6(c), the voltage deviation is maintained within the

specified limit of £5%.

To verify the superiority of the proposed method, the SoC balancing scheme that integrates the

voltage recovery from ref. [28] is used to compare with the presented approach. The control
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structure based on ref. [28] is shown in the purple dashed line in Fig. 2(c). From Figs. 7(a) and
7(b), the results of SoC balance scheme based on the voltage recovery from ref. [28] are the same
as the presented method in Figs. 6(a) and 6(b). This shows that the proposed SoC balance method
has good compatibility and can be combined with other control methods. However, when the load
and dc bus voltage change suddenly, the voltage recovery in ref. [28] takes more time to restore
the voltage to a stable state, as given in Fig. 7(c). The proposed method requires less time, as
shown in Fig. 6(c). In addition, when a communication failure occurs between the primary and
secondary controls at 100 s, this results in the inability to exchange data between the primary and
secondary controls. Then the voltage recovery control cannot restore the voltage to the pre-set

value. Therefore, the dc bus voltage has a serious voltage deviation, as given in Fig. 7(c).
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Fig. 7. Simulation results based on ref. [28] for case 2, (a) SoC of BSUs, (b) Output power of converters, (c) DC bus
voltage.

4.3. Case 3: SoC balancing scheme with different capacities (BSU;=1 Ah, BSU,=2 Ah, AND
BSU;=3 Ah) and SoCs (SoCi=90%, SoC,=80%, SoC3=70%)
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Fig. 8. Simulation results for case 3, (a) SoC of BSUs, (b) Output power of converters, (c) DC bus voltage.

In this case, the SoC balancing based droop control is tested by considering different battery
capacities. From Figs. 8(a) and 8(b), although the initial SoC of BSU; is the highest, BSU>
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provides the maximum power from 0 to 42 s due to the capacity gap between BSUs. After 23 s,
BSU; supplies the least amount of power due to the effect of capacity. BSU3 absorbs a small
amount of power at the beginning, and it supplies the lowest power from 5 s to 23 s. However,
due to its maximum capacity, it provides the highest power after 42 s. In the following charging
mode, the BSU; and BSUj3 absorb the lowest and highest power based on different capacities. The
SoCs among BSUs gradually reaches an equilibrium value. Therefore, during the charging and
discharging process, the low-capacity BSUs will not be overused, and the battery lifespan can be

prolonged. Finally, Fig. 8(c) shows that the dc bus voltage is maintained within the defined range.

4.4.Case 4: SoC balancing scheme with different capacities (BSU;=3 Ah, BSU,=2 Ah, AND
BSU3=1 Ah) and SoCs (SoC;=90%, SoC,=80%, SoC3=70%)
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Fig. 9. Simulation results for case 4, (a) SoC of BSUs, (b) Output power of converters, (c) DC bus voltage.

BSU, and BSUs are defined to have the highest and lowest SoCs and capacities, respectively. As
can be seen from Figs. 9(a) and 9(b), BSU injects the highest power during discharging process.
After 115 s, it absorbs the most power due to its highest capacity. At 0-20 s, BSU3 is charged due
to its minimum capacity and SoC level. In the following operation, the change in SoC of BSU3 is
the slightest. Therefore, the SoC of BSUs is balanced. Besides, plug-and-play (P-n-P) capability
of the proposed method is verified. From Figs. 9(a) and 9(b), BSUs is disconnected from the
system at 40 s. This means that BSU3 stops supplying power to the system and the SoC of the
BSUj stop changing. The proposed control method will automatically adjust the bus voltage and
the power output of the installed BSUs, thereby ensuring the stable operation of the system. At
60 s, BSUj3 is reconnected. It can be seen from Fig. 9(b) that BSUj; can supply power to the system
normally as before disconnecting. Fig. 9(c) shows that bus voltage is restored to the acceptable

range.
4.5.Case 5: compare with SoC balancing based on ref. [12]

In this case, the method in ref. [12] is used in comparison to show the advantages of the proposed

approach. The simulation parameters in ref. [12] are consistent with cases 2 and 4. The results of
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ref. [12] are shown in Figs. 10 and 11, which are compared with the results of case 2 and case 4,
respectively. In the case of the same line resistance, SoC balance can be completed. However,
when the load changes, the dc bus voltage cannot return to the initial value, as shown in Figs.
10(a) and 10(b). When the line resistance is different, the SoC balance fails to be achieved. At the
same time, the deviation between the dc bus voltage and the reference value becomes larger, as
given in Figs. 10(c) and 10(d). From Fig. 11(a), the SoC deviation between the BSUs cannot be
narrowed when the different capacities are considered. This is because the method in ref. [12]
does not consider the different capacities of the BSUs. Therefore, the SoC balance cannot be

achieved. Besides, the voltage deviation still exists, as shown in Fig. 11(b).
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Fig. 10. Simulation results of ref. [12] for case 5, (a) SoC of BSUs with same line resistance, (b) DC bus voltage, (c)
SoC of BSUs with different line resistance, (d) DC bus voltage.
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Fig. 11. Simulation results of ref. [12] for case 5, (a) SoC waveform with different BSUs’ capacity, (b) DC bus voltage.

4.6.Case 6: Real controller based on PIL simulation

Fig. 12. Hardware and software setup.

In order to validate the feasibility of the proposed method in the real control system, a
microcontroller based PIL is built. The microcontroller is implemented by using STM32F429-

ZIT6, and a closed-loop simulation with the controlled object will be conducted. The hardware
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and software interfaces are shown in Fig. 12. The parameters used in PIL are the same as in cases

2 and 3.

Fig. 13 shows the PIL simulation results for case 2. As can be observed, the SoC balance between

BSUs can be achieved, and the bus voltage is restored to the initial value. Besides, as shown in

Fig. 14, the PIL results are the same as the computer simulation results of case 3. Therefore, the

proposed scheme when applied in a real control system can guarantee the expected performance.
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Fig. 13. PIL simulation results for case 2, (a) SoC of BSUs, (b) Output power of converters, (c) DC bus voltage.
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Fig. 14. PIL simulation results for case 3, (a) SoC of BSUs, (b) Output power of converters, (c) DC bus voltage.

4.7.Case 7: BSUs in DC Microgrid (BSU;=3 Ah, BSU,=2 Ah, AND BSU3;=1.5 Ah) AND

SOCs (SOC;=90%, SOC,=80% AND SOC;=70%)

The microgrid, integrated with a PV source, BSUs, pulse load and power converter load (PCL),

is simulated in islanding mode, as shown in Fig. 1. The PCL consists of a buck converter and

controller. The load scheduling equation is written as follows.

12 kW, 0s<t<20s,

( 16 kW, 20 s<t <30,
17kW, 30s<t<40's
19 kW, 40 s<t<80s,
15 kW, 80s<t<100s,
0 kW, 100 s<t <140,
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In addition, the solar radiation and temperature data of PV source are obtained from the website
of the Australian Government Bureau of Meteorology [35]. In Fig. 15(c), PV operates in
maximum power point tracking (MPPT) mode. The output power of PV changes every 10 s. At
the beginning, the PCL and resistive load with a total power of 12 kW are incorporated into the
microgrid, as shown in Fig. 15(c). Then, 4 kW resistive load is added into the system at 20 s.
During this period, BSU; with higher SoC and capacity provides maximum power, and BSUj is
absorbing power to narrow the gap between SoCs due to its minimum capacity and SoC level, as
shown in Fig. 15(b). From Fig. 15(c), 2 kW pulse load is connected to the system between 40-
100 s. The frequency of the pulse load is set at 0.5 and 0.1 Hz during 40-60 s and 60-100 s,
respectively. As observed in Fig. 15(b), the BSUs can respond to changes in pulse load at different
frequencies. In addition, the proposed approach enables the BSUs to respond to changes in PV
output power and load demand. From Fig. 15(c), when the output power of the PV source drops
suddenly at 10 s, the BSU will quickly increase the output power to ensure the power balance of
the system. At 20 s, The system load and the output power of the PV source increase
simultaneously. At this time, the output power of the BSUs only slightly changes. It can be seen
from Fig. 15(b) that the controller will automatically distribute power to each BSU. Besides, from
Figs. 15(a) and 15(b), BSU, is disconnected from the system at 20 s. This means that BSU, no
longer delivers power, hence, the SoC of BSU, will not change. Then, the controller will
automatically regulate the output power of the other BSUs. At 30 s, 1 kW load is added to the
system, the controller will distribute power to the installed BSUs. BSU; still does not release any
power. At 40 s, BSU, is reconnected and able to work stably. The entire P-n-P process does not
cause any negative impact on the system. After 100 s, all loads are disconnected, and the PV
source charges the BSUs. From Fig. 15(a), the deviation between the SoCs of the BSUs gradually
becomes smaller. Finally, the voltages of all buses between the branches of the BSUs are within

the expected range, as shown in Fig. 5(d).
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Fig. 15. Simulation results for case 7, (a) SoC of BSUs, (b) Output power of converters, (c) PV generation, total load
demand and BSUs output, (d) Bus voltage for BSUs’ branch.

4.8.Case 8: SoC limits for BSUs
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In this paper, the safe limit of BSUs’ SoC is set between 20% and 95%. In discharging mode,
when the SoC of the BSUs drops to 20%, the BSUs will be forcibly charged, as shown in Figs.
16(a) and 16(b). If the system does not have additional power to charge the BSUs, the system will
perform load shedding, as shown in Fig. 16(c). In charging mode, if the SoC of the BSUs reaches
95%, the BSUs are automatically discharged, as shown in Figs. 16(c) and 16(d). If the system
does not have enough load demand to meet the battery discharge, the PV output power will be
reduced and the system load will be increased, as shown in Fig. 16(f). Through the proposed

control method, the SoC of the battery can be restricted to a safe range, thereby avoiding excessive

use of the battery.
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Fig. 16. Simulation results for case 8, (a) SoC of BSUs in discharging mode, (b) Output power of converters in
discharging mode, (c) PV generation, total load demand and BSUs output power in discharging mode, (d) SoC of BSUs
in charging mode, (e) Output power of converters in charging mode, (f) PV generation, total load demand and BSUs

output power in charging mode.

5. Conclusion

The present research proposes a filter-based droop control to achieve SoC balancing by
considering the different SoCs and capacities among BSUs in a dc microgrid. With the presented
decentralized control algorithm, SoCs among BSUs can be balanced. Besides, the voltage
deviation induced by the power droop and SoC balancing scheme can be eliminated. Moreover,
the effectiveness of the proposed method is guaranteed regardless of the effect of different line
resistances. Furthermore, the system stability analysis and the parameter design process are
presented in detail. Finally, the performance and feasibility of the control algorithm is verified by
MATLAB/Simulink and PIL simulation. The simulation results show that the proposed

decentralized control scheme works satisfactorily for SoC balancing among BSUs in a dc

microgrid.
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Some works that have not been considered in this paper are left for future works. Therefore, future

works will focus on applying this method to hybrid energy storage system (including battery and

supercapacitor), while ensuring that the proposed method does not cause any adverse influences

on the power-sharing between battery and supercapacitor. Besides, the state of health (SoH) of

the storage device will also be taken into account in the hybrid energy storage system.
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Preamble:

Chapter 3 has presented a fully decentralized control system applied to battery energy storage
systems in DC microgrids. However, as discussed in Chapter 4, the battery energy storage system
is a kind of energy storage with high energy density, which cannot respond quickly to high-
frequency changes in system load. Therefore, a hybrid energy storage system (HESS) adds
supercapacitors (SCs) to solve this problem. In Chapter 4, a droop-based coordinated control is
proposed to regulate the battery and SC. Among them, the v-dP droop control is proposed to
regulate the battery converter to provide the average power, while the traditional v-P droop
control is adopted to adjust the SC converter to provide the instantaneous power. This coordinated
control also enables voltage regulation without any additional voltage control loops, aiming to
simplify the overall controller. This chapter also proposes a consensus algorithm-based voltage
compensator to achieve accurate power sharing and state of charge (SoC) balancing between
batteries. Then, a SoC recovery of the SC is used to ensure that the SC has enough energy for
future use. Finally, this chapter also proposes a power management system to keep the SoCs of

the batteries within a safe range.
Abstract:

This article proposes a comprehensive multi-functional controller for a hybrid energy storage
system (HESS), including a battery and supercapacitor (SC). In the presented method, a V-dP is
proposed to control the output power of the battery converter with a slow dynamic response. The
traditional V-P droop is employed to regulate the SC converter to give a fast response. The dc bus
voltage can be maintained in a safe range by the SC converter control so that no voltage recovery
loop is required. Hence, the order of the overall control system and the complexity of parameter
design can be reduced. In addition, a novel consensus-based voltage compensator is proposed to
achieve the state of charge (SoC) balance and accurate power sharing among batteries. Then, an
SoC restoration of the SC is used to address the leakage current and ensure sufficient energy for
future use. Next, a power management scheme (PMS) is proposed to protect the batteries from
over-use under different operating modes. Finally, the output impedance characteristics, control
system design, and stability analysis are elaborated. The processor in the loop (PIL) simulation

results verified the effectiveness and feasibility of the proposed control method.
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1. Introduction

Nowadays, dc microgrid is receiving more attention due to the increasing penetration of dc power
sources, such as photovoltaic (PV) sources. Energy storage systems (ESSs) are an integral part of
a dc microgrid that can suppress power fluctuations caused by the mismatch between power
generation and demand [1], [2]. ESSs can be implemented using a variety of energy storage types,
with each type having distinct characteristics that enable the realization of specific benefits [3].
For example, batteries with a slow dynamic response and a high energy density, may be employed
to supply load power in steady state [4]. Conversely, supercapacitors (SCs), with a fast dynamic
response but a low energy density, may be employed to serve loads with high power fluctuations
[5]. No existing energy storage type has characteristics that suit all load and user demands.
Therefore, hybrid energy storage systems (HESS), comprising multiple energy storage types have

been proposed as an effective solution [6].

Many published works have presented various control methods for HESS research [7]-[11]. In
[7], a frequency-coordinating virtual impedance control scheme is proposed to accomplish
transient power allocations in HESS. However, the method fails to consider the bus voltage
deviations. In [9], a novel energy management system is proposed for the grid-connected HESS
under different operating modes. With the proposed method, the power sharing between battery
and SC can be effectively achieved. Besides, the output power of the battery in HESS is based on
the SoC level. Therefore, the over-use of the battery can be avoided. However, the methods
mentioned above only use a single HESS to suppress the power fluctuations. As a result, the load

pressure of the HESS will be increased, thereby reducing the service life of the ESS components.

To solve these shortcomings, control methods for multiple HESSs have also been studies in [12]—
[17]. A novel droop control in [12] is proposed to achieve different dynamic power-sharing for
multiple HESSs. By using this method, a conventional V-P droop control is used to regulate the
battery converter to deliver the lower-frequency power, while an integral droop control is used to
regulate the SC converter to supply the higher-frequency power. However, the proposed method
does not consider the issue of the bus voltage deviation. In [13], a decentralized power
management scheme (PMS) for HESSs is proposed to realize the power-split, voltage recovery
and SoC of SC restoration. However, the order of overall control system is higher. In [15], an
advanced secondary voltage recovery control is proposed for a battery and SC system in dc
microgrid. In presented method, a voltage restoration based on consensus algorithm is used to
maintain the dc bus voltage within the acceptable range. Another voltage recovery control is used
to restore the SoC of the SC to pre-set value. In [16] and [17], a semi-consensus strategy is
designed to implement the power sharing, SoC balance among batteries, and SoC restoration of
SCs. Within the semi-consensus scheme, only the local controllers for batteries exchange data

through a sparse communication link. However, the controllers for SCs do not need to carry out
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the data exchange process, thus saving the system investment cost. In [18], a coordinated droop
control is proposed to achieve power sharing and voltage recovery without the need for a voltage
compensation loop. Besides, the proposed method can achieve SoC recovery of the SCs and SoC
balance of batteries, as well as can ensure that SoCs of batteries are within a safe range. The
aforementioned approaches do not take into account the inaccurate power distribution between
energy stores caused by different line resistances, which degrades the performance of SoC
balancing. Besides, the methods in [13]-[17] require a voltage compensation loop to eliminate
voltage errors. However, the voltage compensation loop increases the complexity of the design
of the system control parameters. Also, the methods in [13]-[17] ignore the protection of the
battery, which may lead to excessive use of the battery. In addition, the method of [18] amplifies
the noise of the system, thereby reducing the stability of the system.

To solve these drawbacks, a comprehensive multi-functional controller for HESSs in dc microgrid

is proposed in this paper. The major contributions of this article can be summarized as follows:

a) A V-dP control is proposed to regulate the battery converter, while the traditional V-P
droop method is employed to adjust the SC converter. By adopting the proposed method,
the system power will be divided into low- and high-frequency parts, and distributed to
the battery and SC, respectively. The bus voltage is regulated by the SC converter, hence,
there is no need for any voltage recovery control. Therefore, the order of the control
system and the complexity of parameter design are reduced.

b) A novel consensus-based voltage compensator including SoC balance and accurate
power sharing schemes is proposed to eliminate the SoC imbalance among batteries and
the adverse influence of the different line resistances. The voltage compensation control
of the SC is employed to solve the leakage current and to guarantee sufficient energy for
continuous operation.

¢) The proposed PMS can protect batteries from over-use under different operating modes,
including islanded, grid-connected, and plug-and-play (PnP) modes.

d) The impedance characteristics of the proposed strategy are analyzed in the frequency

domain, and the root locus method is adopted to show system stability.

The rest of this paper is organized as follows. Section II presents the local control methods.
Section I1I describes the consensus-based power compensator. In Section IV, the PMS is proposed
for HESS. The parameter design and stability analysis of the proposed control methods are
explained in detail in Section V. Section VI presents simulation results and discussions. The

conclusions are presented in Section VII.

2. Proposed local control methods

2.1. System description
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Fig. 1. The configuration of dc microgrid with the integration of HESSs.

Fig. 1. depicts a dc microgrid, which consists of renewable energy sources (RESs) such as PVs,
multiple HESSs, and loads. PVs operate in maximum power point tracking (MPPT) and constant
voltage control (CVC) modes. HESSs can suppress power fluctuations and maintain bus voltages.
The PMS can ensure the SoC of the batteries within a safe horizon, thereby preventing batteries

overuse.
2.2.V-dP and V-P droop controls

The V-dP control is discovered from the inductor characteristic, which appears as a short circuit
at low-frequency and as an open-circuit at high frequency. Therefore, the battery converter can
be controlled to provide low dynamic power instead of transient power at steady state. Based on
the inductor characteristic, the relationship between inductor current and voltage can be written

as (1).
i=io—%vadt (1

where L, i,, i, and v; are inductance, inductor initial current, the output current and voltage of the

inductor, respectively. Then, (1) can be further modified as (2).

di

7 2)

vp =v,—L

where v, = Ldi,/dt. The second term of (2) acts as an LPF that can filter out the high-frequency
current. Similar to (2), the V'-dP control shown in (3) is designed by replacing current with power

and retaining the equivalent format as (2).

)
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where v,, m, v, ;, and P}, ; are the reference voltage, droop coefficient, output voltage and power

of the jth battery converter, (j = 1, 2, ..., N). The method in (3) contains a derivative term that

amplifies system noise in the frequency domain. Therefore, (3) is further modified to (4).

V., — Vp ;
Py = [ = )

From (4), the derivative term has been eliminated. Besides, the ratio of output power to input
voltage will be delivered to the current controller as the reference current. Therefore, the battery
controller does not require a voltage controller, thereby simplifying the complexity of the control

system.
The V-P droop control of the SC can be represented by (5) based on [19].
Vse,j = Vr — nPsc,j (5)

where vy ; and Py ; are the output voltage and power of the ™ SC converter terminal,
respectively. n is the droop coefficient that can be calculated by (6).

Vmax — Vmin
(6)

sc, j

n =

where v, and v, are the minimum and maximum allowable dc bus voltage; P;rcla’/‘ is the
maximum transient power of the SC converter. Since the battery and SC can simultaneously meet

the different dynamic power demands of the system, the total output power P, ; of HESS is the

sum of the Py, ; and Py ;, as given in (7).

Pt = Pb,j + PSC,j' (7)

o

By considering (4), (5), and (7), the power-split in the HESS can be written as (8).

Py j = Grpp(s) P = mpt,j
ms 3)
Psc,j = Gppr(s) * Pt,j = —ms T tj

It can be seen from (8) that the essence of coordinated droop control is to form the low-pass filter
(LPF) Gy pg(s) and high-pass filter (HPF) Gypg(s) in HESS. Therefore, the output power of HESS
can be automatically divided into low- and high-frequency parts, and then assigned each of them
to the battery converter and SC converter, respectively. The desired power-sharing can be

achieved by reasonably adjusting the corner frequency @, = n/m of both LPF and HPF.

2.3. Voltage recovery method
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The characteristic of traditional V'-P droop control is that power variations will cause bus voltage
errors. In other words, if the power is constant, then the bus voltage will not change. Since SC
converter only provides transient power instead of continuous power, the bus voltage can be
restored to the set value at steady state, no extra control is required. In the case of a sudden power
change, the SC converter will immediately respond to suppress the power fluctuation of the

system. Based on (6), the maximum voltage deviation Av is expressed as (9).
AV = Viax — Viin = #Pg; > 0. Q)

From (9), the voltage change caused by the SC converter releasing/absorbing transient power will

not be greater than the maximum voltage deviation.

After mitigating the power oscillation, the SC converter starts to slowly decrease its output power.
When it reaches steady state, the SC converter no longer provides any output power to the system.
Based on (5), the output voltage of the SC converter is equal to the reference bus voltage, as

shown in (10).
Vse,j = Vi (10)
Therefore, the bus voltage deviation is equal to zero, as given in (11).
AV = Vipax = Vinin = nPge; = 0. (11)

Finally, the bus voltage can be maintained within a safe range without the need for an additional

voltage compensation loop.
2.4.Voltage recovery control for SCs

Due to the current leakage characteristics of the SC, the SoC of the SC will be reduced. To solve
this problem, the V-P droop control with the SoC recovery is presented as (12).

1 .
— p
Vse,j = Vr — nPsc,j - (ksc,j + k;c,j;)(vgc,j - Vlsrcl,j (12)

where v, ; and v‘sﬂ ; are the reference and measured input voltage for the SC, respectively; ksli’ j

and k;c’ ; are the control parameters for the SC recovery method, respectively.

3. Consensus-based voltage compensator

In HESS, the batteries are employed to provide continuous power at steady state. For batteries,
the SoC imbalance is a significant issue, which results in the over-charging and -discharging of a

certain battery. In addition, different line resistances can lead to inaccurate power among
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batteries, it may result in SoC balance not being successfully achieved. To address these issues,

the consensus-based voltage compensator is proposed in this article.
3.1. Distributed consensus algorithm

A distributed consensus algorithm is an update rule that enables the status of distributed agents
to be consistent by exchanging the information through sparse communication network [20]. In
case of the HESSs, the distributed agents update their information status based on information
gathered from neighbors. According to the information status of the distributed agents, the
consensus algorithm generates a uniform value, which is sent as a control signal to the controllers
of the distributed agents [21]. A distributed consensus algorithm is expressed as (13) — (14) based
on [22].

hi(k+1) = hi(0) +& Y Jy(k+1) (13)
J J ;\;} J
S(k+1) = 6;(k) +ay [hy(k) — (k)] (14)

where k is an iteration counter value. 7;,(k+1) is the information status of iteration at k+1 for o
agent. N; is the set of the agents that connect with J™ agent. 0;i(k) is a variable, which can store
cumulative difference between two agents j and /, and d;(0) = 0. a;; is connection status between
agents j and /. If agent j and agent / are not neighbors, then a;; = 0, otherwise a;; = 1. ¢ is used to

regulate the convergence speed, which can be calculated by (15) based on [23].

2

‘= LD D (1

where /)’j(-) is the /™ largest eigenvalue of the symmetric matrix. L is the Laplacian matrix; more
detail can be found in [24].
3.2.Consensus-based voltage compensator for batteries

The consensus-based voltage compensator as defined by (16) — (17) is applied.

v, — (v ; + Ov;
Py = f%dt (16)

5Vj = 5VSOC,j - 5Vacc.,j (17)

where Jv; is the voltage compensation term. dvg,c ; and dv, ; are used to adjust the setting

voltage. dvgoc, ; is the consensus-based SoC balancing control, which is written as (18) — (20).
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Fig. 2. The schematic diagram of the proposed control system for battery and SC converters.

r m i 1
Ovsac,j = [SOC), j(kt+1) = SoCy. (k& it kSOC,jE) (18)
SoCj, (k+1) = SoCj(0) +& Z 3+ 1) (19)
[EN;
S(k+1) = &;(k) +ay [SoC}, (k) — SoC} (k)] (20)

where SoC}, ;(k+1) and SoCy ; are the reference and measured SoC of the /" battery. SoCj, (0) is
the initial SoC level. ké’oc,j and kiSOC, ; are the proportional and integral parameters for the SoC

balancing scheme.

The consensus-based accurate power control dv,.._; is presented as (21) — (23).

u. UL I 1
5vacc.,j = [PE,.‘/' (k+1) - Pg,./'] (keic.,j + kacc.,jg) (21)
PRU (et = PPY(0) +e Z 5u(k+1) 22)
IE]\G
(k1) = &;(k) +ay [P} (k) — P 3,'_1;'(/()] (23)

where Pf";l'(kﬂ) is the reference power in per unit. It should be noted that the per unit power is

the ratio of the reference power to the maximum power (Pmax) of the battery converter. Plr)";l'(O) is

the initial output power of the battery converter. kfcc_’ ;and k;cc., ; are the proportional and integral

parameters for the accurate power controller, respectively. The control equivalent diagram is
shown in Fig. 2. Besides, the proposed method requires a sparse communication system.

Therefore, the transfer function of the communication delay can be expressed as (24).
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where 7 is the communication delay.
4. Proposed PMS

The proposed PMS can ensure that the SoCs of the batteries are within a preset range. The
equivalent circuit and flow chart of the proposed PMS is given in Figs. 2 and 3. It is worth noting
that the SoC recovery loop of the SCs can ensure that the SoCs of the SCs are within a

predetermined range. Therefore, PMS does not consider the SoC limitations of the SCs.

In the islanded mode, the dc bus voltage is regulated by the SC converters. The system power

balance can be expressed as (25).
va+Pb+Psc=Pload+Ploss (25)

where P),,4 is the load power; P, is the power loss caused by the line impedance and the
converters. The upper limit (SoC;) and lower limit (SoC;) can ensure the safe operation of the

batteries.

No Grid-connected

landed mode?
mode

e DC bus adjusted by SC;
® Ppe+ Py 4 Do — Pload + Dloss-

e DC and AC bus regulated by SC
and grid;
® Pyt Dy — Do+ Pic — Ploag + Lloss.

SaCs status for
batteries

SoC; 2 SoCy

e Battery
discharging;

e Load
increasc;

o MPPTICVC
mode lor PV.

* Battery
The proposed charging;
control system e Load deercasc:
operates normally « MPPT mode
for PV.

Cnd |

Fig. 3. The proposed PMS for HESSs.

Based on the SoC limits, the following three conditions are considered for the islanded mode:

1) SoC; < SoC, < SoCj,: the HESS operates normally. The SCs supply the transient power,
while the batteries provide the average power. The SoC imbalance among batteries is
eliminated by the proposed consensus-based voltage compensator.

2) SoC, = SoC,: the batteries operate in discharging mode. If the power supplied by the PV
and batteries is greater than the power demand, then the system will decrease the
generated power. Besides, the PV controller will be switched from MPPT to CVC to
reduce output power. It should be noted that this article focuses on the HESS control
system rather than the PV system. Therefore, the control structure diagram of the PV

system will not be given. However, ref. [25] can be referred for more detail information.
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3) SoC, < SoC;: PV works in MPPT mode to provide maximum power to charge the

batteries. In addition, the system load will be appropriately reduced.

Current control

Current control i Voltage control |

l

i vi c c V. 1 [ Wse
ﬁﬂﬁm Mg{ﬁ@ e M DO

e ——

Fig. 4. The schematic diagram of the control circuit for dc-dc converter: (a) battery converter control, (b) SC converter
control.

In the grid-connected mode, the grid, PV, and HESSs simultaneously deliver power to the load.
The dc and ac bus voltages are controlled by the SC converters and grid. The total power balance

can be written as (26).
PPV+Pg+Pb+PSC=Pload+Ploss (26)

where P, is the grid power. The grid-connected mode also contains three conditions similar to the

islanded mode to ensure that the SoCs of the batteries are within a safe range.
5. Control system stability analysis

In HESS, the SC converter uses dual-loop control, while the battery converter employs inner loop
current control. The parameters of the control need to be well designed to ensure that the slow
and fast dynamic power sharing can be achieved. The schematic diagram of the control circuit for
battery and SC is drawn in Fig. 4. The control parameters can be found by using (27) based on
[13], [18].

k;p — wx,ch k;/p — wx,VCX
v, 1-D @7)
nw)zc,ch i_ nw)zc,vcx

= v, *TT0-D

where kP, k", k;i, and k)vci are the proportional and integral parameters for the current and voltage
control, respectively. w, . is the control bandwidth of the current loop. w,, is the control
bandwidth of the voltage loop. D denotes the steady state value of the duty cycle. # is a
coefficient. r, L,, and C, are the resistance of inductor, filter inductor and filter capacitor of the
dc/dc converter, respectively. It should be noted that the response speed of the SC in HESS is
faster than the response speed of the battery. Therefore, the current control bandwidth of the
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battery is smaller than the bandwidths of the SC. Specifically, x = b denotes the battery, while

x = sc denotes the SC component.

It is a common problem that the control system may suffer from potential degradation of stability
caused by the coordination between interconnected converters [2]. Therefore, its stability analysis
is an important step to ensure the safe operation of the system. According to Figs. 2 and 4, the
small-signal model of the relationship between the bus voltage (v,,) and the output voltage of

the battery and SC converters is presented by (28).

_ RLRD, + RiRY
RER + RER + RERE,

~

Vbus

(28)
where R and RL, are the line resistance of the battery or SC. R is the load impedance. The small

signal of the output volage of the battery converter can be obtained from (29).

b]3S3 + b1282 + bl]S + blO
Vp =
6115S5 + a14s4 + a13s3 + 6112S2 + as + ajg

(29)

where ajs = Ep(1 = D)RPyax Cymviy LyV, 3 ajg = EpRP (1 = D)YCymviiw, Ly + EpPra(1 =
DYmviPLyv,; ay3 = Ep(1 — D)R Py Comvitney Ly + EpPrax(1 = DY Rwy Ly + EpPramvi’Ly,

(1 - D)wb,c 5 app = Emeax(1 - D)anwlz),cLb + Pmax(1 - D)Lba)b,ckspoc,j + 2VibnEbkp +

acc., j

Ey(1 - D)Pmaxmvzn”l’bvr; ay =Ly Prax(l = D)wb,ckSIOC,j + Prax(1 = D)”w%,cl’bkgoc,j; aio =
. . . 5

Poax (1= Do Lyksoc.j + 2V) Epkeej 5 bis = Ep(1 = DY RPuxLywp v, 5 iy = Ep(1 —

D) RP a0 v, Ly by = big = 0.
Similarly, the small-signal model of the output voltage of the SC converter is given by (30).

5 = b23S3 + b22S2 + bzlS + bzo (30)
8¢ a24s4 + a23s3 + (1225‘2 + a1s + ajo

where ayy = RE (1 = D)Cy. ; ar3 = RE(1 _D)a)sc,vcsc + 2na)sc,vcscEchisrcl: ; ax = REG(1 —

D)”]wgc,vcsc + wsc,vcsckp + 2m7wgc,vcscEchisIé + Esc(1 - D); a = wsc,vcscklsc,j + ”wgc,v Csc >

sc,j

axy = nwgc,vcscklsc,j; b23 = 6Usc,vcscREsc(l - D); b22 = ”WSC,VCSC X REsc(1 - D); b21 = b20 =0.

Then, substituting (28) and (29) into (27), the characteristics function of the relationship between

the bus voltage and the reference voltage is given as (31).

0 = a308° + asgs® + ay757+a3650+as557+azusttasyy s +azs*+ay stas 31
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where azg = ay5ay4 5 azg = ajsax; + apaags s a3y = ajsaxn + ajuax +apay ; aze = ajsay +
A14ap) + a13a23 + A12024 5 Azs = Q1500 T Q14071 T 1302 + A1p023 + A11024 5 A34 = Q14 Ay T
a3y t apaxy +ajax +aar s azz = ajzdyy t+appdy; tagan tapa ; azp = apdy t

apay + ajpan; azr = ayg dy t ajpds; dzp = dipdao-
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Fig. 5. Root locus diagrams: (a) C» is between 10 uF and 200 pF, (b) Csc is between 10 pF and 200 pF, and (c) n is
between 0 and 0.01 V/W, while m is between 0 and 0.008 V/W.

According to equation (30), the system stability analysis can be achieved by observing the
placement of the dominant pole in the root locus diagram. Then, selecting the appropriate
parameters can ensure the performance of the controller and the safe operation of the system.
From Fig. 5(a), there are nine negative eigenvalues, but only seven of them (p,, p,, 5, P> Ps> D>
and p,) are dominant based on their position. With the variations of the filter capacitor C within
the specified range, the dominant poles p,, p,, p;, and p, are located in the left half of the s-
plane. This indicates that the stability of the control system can be guaranteed. The poles p, and
P, change from the complex conjugate poles to negative real poles. This indicates that the stability
of the system is gradually improved. Meanwhile, although the dominant pole p, moves towards

the right of the s-plane, it still sits on the left half of the s-plane. Therefore, the stability of the
system can be guaranteed. Similarly, Figs. 5(b) and 5(c) show that the dominant eigenvalues of
the system are located on the left half of the s-plane by changing the specified parameters. Thus,

the instability of the proposed control system can be eliminated.

6. Simulation verifications
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To verify the effectiveness of the proposed method in real control system, the PIL platform
including a microcontroller (MC) and PC, is established. The MC is implemented by using
STM32F429Z1T6, connected in a closed loop with the controlled object. The microgrid

configuration is shown in Fig. 1. The key parameters are listed in Table I.

TABLEI
SYSTEM PARAMETERS
Items Values Items Values Items Values
vy 400 V we 0.2x2 rad/s Vi 180 V
Vb 180 V m 0.0032 V/W ke 10
Vse 200V n 0.004 V/W Ksoc 1.1310
C 10 uF Ky 0.1257 kel 10
Cee 10 uF K 157.9137 Kice. 0.6283
Ly 2 mH k& 0.0628 Eb 0.3 Ah
Lsc 5mH K 78.9568 Rpy, RE, 0.02 Q
f 10 kHz ke 0.1257 Ry, R, 0.015Q
R 50 Q Kl 78.9568 Rp3, R 5 0.01 Q
n 0.1 kspc 2 Pmax 10 kW
€ 13 K 0.1257 T 1 ms
6.1. Case 1: Different dynamic power-sharing
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Fig. 6. Simulation results for case 1: (a) Dynamic power-sharing, (b) DC bus voltage, (¢) Dynamic power-sharing from
[12], and (d) DC bus voltage from [12].

In this case, the proposed method and the integral droop control from [12] are studied and
compared. A single HESS including a battery and SC is used as the test object. From Fig. 6(a),
HESS delivers 1 kW of power at the beginning. When the system load suddenly rises to 2 kW,
the SC immediately responds to provide power and then gradually reduces to zero. The battery
responds slowly to supply constant power at steady state. From Fig. 6(b), the dc bus voltage can
be restored to the pre-set value through the SC control. According to the characteristics of V-P
droop control, when SC provides the transient power, the dc bus voltage will have voltage
deviations. After that, once the instantanecous power decreases to zero, the dc bus voltage will
automatically return to the desired value. It can be seen from Fig. 6(c) that the simulation results
produced by the control method from [12] are similar to the proposed method. However, when
the system load changes, the dc bus voltage cannot be returned to the reference value, as shown
in Fig. 6(d). This is because the dc bus voltage in [12] is regulated by the battery control (V-P
droop control). This indicates that if the battery provides constant power, then the bus voltage

error will always exist. Therefore, ref. [12] requires a voltage restoration loop to eliminate the
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steady state error of the bus voltage. The results show that the proposed method can realize
dynamic power distribution and maintain the voltage at the set value without an additional control.

Hence, it confirms that the presented approach outperforms the comparing method.
6.2.Case 2: The performance of the consensus-based voltage compensator

From Fig. 7(a), the SoC balance among batteries is achieved at 20 s. After that, the SoC deviation
among batteries gradually becomes larger due to the different line resistances in the microgrid
system. From Fig. 7(b), the batteries cannot provide equivalent power to the load between 0-30
s. After 30 s, the consensus-based accurate power sharing control begins to operate, which can
achieve a consistent output power from the batteries, thereby eliminating the negative effects of
line resistance. It can be seen from Fig. 7(c) that the SoC of battery-1 (b;) has the fastest drop
rate, while the SoC of battery-3 (b3) has the smallest drop rate. This means that the output power
(Pp,1) of by is the highest, while the output power (P}, 3) of b5 is the least. Therefore, the SoC gap
among batteries is gradually narrowing. In charging mode, the SoC of b5 rises the fastest, and the

SoC of b; rises the slowest. Therefore, SoC balance between batteries can be achieved, as shown

in Fig. 7(d).
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Fig. 7. Simulation results for case 2: (a) SoC balance without accurate power sharing control, (b) The performance of
accurate power sharing control, (¢) SoC balance in discharging mode, (d) SoC balance in charging mode.

6.3. HESS operation

In this scenario, the batteries are operating within a limited range (10% < SoCj < 90%). From
Fig. 8(a), PV and HESSs initially supply 10.5 kW to the loads that include dc and ac loads. At 10
s, a 3 kW load is added to the system. At 20 s, the microgrid is connected to the main grid. The
main grid shares the 3 kW load. Subsequently, a 1 kW pulse load is installed in the system from
30 to 50 s. The frequency of the pulse load is set at 0.4 and 0.2 Hz during 30-40 s and 40-50 s,
respectively. After 60 s, the dc load is removed, and then the HESSs absorb the excess power of
the system. At 80 s, the microgrid is disconnected from the main grid and returned to islanded
mode. From Fig. 8(b), it can be seen that the bus voltages can be maintained within the set range

even when the system power changes repeatedly. Besides, the difference among the three bus
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voltages is small. As can be seen in Figs. 8(c) and 8(d), when the microgrid is connected to the

main grid, the ac bus voltage does not exhibit any oscillations.

From Figs. 8(¢) and 8(f), the output power P;, | of b; is the highest due to the existence of SoC
balancing control, while the output power P}, 3 of b5 is the least. Therefore, the SoC gap among
batteries is gradually reducing. In addition, b5 is disconnected from the system at 40 s. This means
that b5 stops supplying power. Other batteries will automatically deliver more power to ensure
system stability. At 50 s, b5 is reconnected to the system and supplies power normally. From Fig.
8(g), the SCs only release/absorb power when the system power changes suddenly. At 10 s, a 3
kW load is connected to the system and the SCs provide power rapidly. Then, SCs receive a brief
charge from the batteries [n; from Fig. 8(e) and n3 from Fig. 8(g)]. At 60 s, the load is removed
and the SCs absorb instantaneous power. Subsequently, the SCs briefly release power that is
absorbed by the batteries [, from Fig. 8(e) and n4 from Fig. 8(g)]. Therefore, the SoCs of the SCs

can be maintained at the reference value, the continuous use of SCs can be guaranteed, as shown

in Fig. 8(h).
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Fig. 8. Simulation results for case 3: (a) Power demand P,, output power of the HESS, PV, and grid, (b) DC bus
voltages, (c) AC bus voltage, (d) AC bus voltage between 19.9 s and 20.1 s, (¢) Output power of batteries, (f) SoCs
for batteries, (g) Output power of SCs, and (h) SoCs for SCs.

6.4.Case 4: SoC limitation for batteries

This case studies the batteries reaching the upper limit (90%) and lower limit (10%) of SoC. The

initial states of the batteries’ SoC are given in Table II.

From Figs. 9(a) and 9(c), the batteries are charged by the PV system. When the SoCs of the

batteries reaches 90%, the proposed controller will automatically disconnect the battery to prevent
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overcharging. The power generated by PV will be greater than the load demand. Therefore, PV
control will switch from MTTP mode to CVC mode to reduce output power at 32 s. At 34 s, all
the batteries stop working. Then, an 11 kW load is installed in the system at 40 s. At this time,
the total load of the system is greater than the power generated by the PV, hence the batteries will
participate in providing power to the load. The SoC among the batteries is able to maintain
balance throughout the operation. It should be noted that SCs are connected to the system during
the entire operation to maintain the stability of the dc bus voltages, as shown in Figs. 9(b) and

9(d).

TABLEII
SoC LIMITATIONS FOR BATTERIES
Upper limits of SoC Lower limits of SoC
SoCyy 70 % SoChy 50 %
SoCjn 60 % SoCj 40 %
SoCj3 50 % SoCyp; 30 %
R
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Fig. 9. Simulation results for case 4 (SoC, = 90%): (a) SoCs for batteries, (b) SoCs for SCs, (c) Power demand P,
output power of the HESS and PV, and (d) DC bus voltages.

/\? 06 50(335 157“510:2212 SOCZ{}_ 185 Vse,1 — Vse.2 Vse,3
= Jsiidls
8 8"2‘ : :: o1 | Z 150, AN
S0 T P ¥_] .2
500 o =175
2 0 20 40 60 80 0 20 40 60 80
%] Time (s) Tl(lg)e (s)
a
§ 150 ILPdipl‘mssiva /;420 Vbus, 1—Vbus, 2 Vbus, 3
= N <
5 0 39.55{42’s 54007
o- L | > I
1520 40 60 80 % 20 40 60 80
Time (s) Time (s)
(©) (d)

Fig. 10. Simulation results for case 4 (SoC, < 10%): (a) SoCs for batteries, (b) SoCs for SCs, (c) Power demand P,
output power of the HESS and PV, and (d) DC bus voltages.

From Figs. 10(a) and 10(c), the batteries run in discharge mode. When the SoC of the batteries
drops to 10% at 39.5 s, the batteries stop supplying power to the load. In addition, PV will switch
to CVC mode, and the system load will be reduced appropriately. In addition, PV will switch to
CVC mode, and the system load will be reduced appropriately. At 42 s, the system load was
completely removed. The PV switches to MPPT mode to charge the batteries. During the entire
operation process, SCs play a role in suppressing power fluctuations in the microgrid and ensuring

that the bus voltages are within the safe range, as shown in Figs. 10(b) and Fig. 10(d).
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7. Conclusion

The novel coordinated droop controls are proposed in this paper. The V'-dP control is proposed to
adjust the battery converter to deliver the low-frequency power, while the V-P droop control is
employed to regulate the SC converter to supply the high-frequency power. In addition, the bus
voltage can be restored to the desired range through the SC control without an extra voltage
recovery loop. The consensus-based voltage compensator is proposed to achieve the SoC balance
among batteries and accurate power sharing. The proposed PMS can ensure that batteries operate
within a safe range to prevent overuse. Then, the SoC of the SC can be automatically restored to
the set value. In addition, the root locus method is employed to verify the stability of the proposed
control system. Finally, the performance and feasibility of the proposed control method are
verified by PIL simulation. The results of the simulation show that the proposed control works as

expected.
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Preamble:

The randomness of end-user behavior and real-time changes in electricity prices lead to
irregularities in the consumption of household loads. For this reason, forecasting household loads
in the home energy management system (HEMS) is highly challenging. Chapter 5 proposes a
hybrid forecasting model for single household load consumption forecasting. This hybrid
forecasting model consists of two parts. The first part is an ensemble model consisting of support
vector machine (SVM), back propagation neural network (BPNN), and generalized regression
neural network (GRNN). Among them, SVM and BPNN are optimized by genetic algorithm.
Then, the chapter also proposes a thermal dynamic model to track the variation of indoor
temperature, which is used as input to the ensemble model to predict the use of air conditioners
and heaters. The other part is a deep ensemble model that is used to predict lighting and other
loads. The model consists of three bidirectional long short-term memory (Bi-LSTM) networks,
which uses a Bayesian algorithm to optimize their hyperparameters. Next, an illuminance
algorithm is used to calculate outdoor illuminance, which is used as input to the deep ensemble
model to track lighting load usage. Finally, the results of both ensemble and deep ensemble

models are merged by the trimmed algorithm.
Abstract:

This article proposes a hybrid method (HM) to improve the accuracy of short-term individual
residential load forecasting. The HM includes an ensemble model (EM), deep ensemble model
(DEM), and thermal dynamic model expressed by resistance-capacitance (RC). The EM consists
of three predictors of support vector machine (SVM), back propagation neural network (BPNN),
and generalized regression neural network (GRNN). The genetic algorithm (GA) is used to
optimize SVM and BPNN to enhance their performance. The DEM includes multiple bi-
directional long-short term memory (Bi-LSTM) networks. The Bayesian algorithm (BA) is used
to optimize the hyperparameters of the Bi-LSTM. The outputs of individual predictors are
aggregated using an optimal trimmed algorithm. At first, the total load is separated into the heater
and air conditioning (HAC), and non-HAC loads. Then, the RC model is presented to predict the
indoor temperature, which integrates outdoor weather and less HAC historical data as the input

of the EM to forecast the HAC load. After that, non-HAC loads are further divided into electric
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lighting and other loads. A daylight equation is used to calculate the illuminance, which is
combined with less lighting historical data as the input of DEM to predict electric lights usage.
Then, other loads are captured by DEM through less historical data. Finally, the total load is
obtained by combining the predicted HAC and non-HAC loads. The datasets from the UMass
Smart Microgrid and Flexhouse projects are used to test the proposed method. The comparison
with existing models proves that the presented model can provide accurate short-term individual

load forecasting.
1. Introduction

Accurate short-term load forecasting (STLF) plays a vital role in modern power systems [1].
Through STLF, power companies can formulate strategies to adjust power dispatch in real-time,
thereby improving their energy efficiency and economic benefits. Residential customers can
evaluate power consumption and control the usage of electrical equipment to reduce electricity

tariffs [2].

Although many articles have studied the STLF in the residential sector, most of them track the
load usage trajectory of a group of households rather than a single household [3]-[6]. A small
number of articles discusses the electricity usage forecast of a single user [7]-[11]. However, they
all directly predict the total load demand without taking into account key influencing factors,

including temperature and illuminance

To address these issues, a hybrid method (HM) for the STLF of the individual residential user is

proposed in this paper. The major contributions of this article are summarized as follows:

a) The thermal dynamic model represented by resistance-capacitance (RC) is proposed to
estimate indoor mean temperature, which combines output weather conditions and less
historical data for the heater and air conditioning (HAC) as the input of the ensemble
model (EM).

b) The HAC load is forecasted by adopting the EM integrating back propagation neural
network (BPNN), support vector machine (SVM), and generalized regression neural
network (GRNN). The genetic algorithm (GA) is employed to search the optimal
hyperparameters of BPNN and SVM to enhance the forecasting accuracy. Therefore, the
HAC physical model does not need to be built.

¢) The non-HAC loads are further divided into electric lighting and other loads. A daylight
equation is used to calculate the solar illuminance, which is combined with the historical
data of the electric light power as input of a deep ensemble model (DEM) to track the
power consumption of the electric light. Other loads are forecasted by DEM based on

historical data. The DEM integrating multiple bi-directional long short-term memory (Bi-
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LSTM) networks is developed to track the non-HAC load usage. Besides, the Bayesian
algorithm (BA) is adopted to search the optimal hyperparameters of the Bi-LSTM.

The rest of this paper is organized as follows. The literature review is described in Section II.
Section III presents the indoor temperature prediction and illuminance calculation. Section IV
describes the proposed HM. Section V presents the case studies and discussions. The conclusion

1s shown in Section VI.

2. Literature review

Time series models are the typical method applied to STLF, including autoregressive integrated
moving average models [12], grey model [13], and regression analysis model [14]. However,
these models are insufficient to deal with nonlinear problems and will lead to lower prediction
accuracy. Therefore, nonlinear forecasting models, including support vector regression [15], and
artificial neural networks [16], such as Elman neural network (ELM), BPNN, and radial basis

functions (RBF), have been employed to solve nonlinear problems in load forecasting.

ELM is one of the recurrent neural networks (RNN), which has a good ability to solve discrete-
time series problems. In [17], an improved ELM is proposed to predict the short load usage for
residential buildings. The method considers the consumers’ comfort index to improve the
prediction accuracy. In [18], a hybrid quantization ELM with inputs, historical load, and
temperature is proposed to realize STLF. A GA is used to optimize the hyperparameters in ELM.
BPNN is a kind of feed-forward neural network, which has strong nonlinear mapping ability and
generalization. In [19], a short-term prediction model based on the decomposition of load
components is proposed to track changes in the cooling load of residential buildings. The
prediction model includes a BPNN and auto-regressive integrated moving average algorithm.
RBF neural network is a type of feed-forward neural network, which is developed to solve the
slow training process caused by the size of the large network. In [9], a prediction framework
based on RBF is proposed to track short-term load changes. The methods consider weather and
load historical data as input. In [10], a prediction model based on LSTM and convolutional neural
network (CNN) is proposed to solve the STLF issue for a single customer. In the proposed
method, CNN is used to extract features of the data, and LSTM uses these features for time series
prediction. In [11], a predictive model based on RNN is developed to implement STLF for
residential and commercial buildings. In addition, some missing energy data can be repaired by
the proposed model. However, all the above methods use a single predictive model. Due to the
performance limitations of a single predictor, different data quality and evaluation metrics may
reduce the generalization capability of the model, so that the predicted output may have outliers,

and hence, the deviation will increase [20], [21].
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TABLE I
A COMPARATIVE SUMMARY OF STLF

References I—i/gacd characﬁg}slttlscs Ensemble model Individual residential user
(7], [10], [11], [19] X x X v
[1 7], [ 1 8] X X X X
[28] X X v v
[4]-[6], [8], [23] x X v X
[30]-[32] v X x v
This research v v v v

The aforementioned issues can be addressed by an EM that includes multiple predictors [22]. Ref.
[23] proposes an ensemble model including multiple RBF to achieve short-term and mid-term
load forecasting. The LSTM network will extract features from the load sequence to train multiple
RBFs in the ensemble model. Ref. [4] proposes an online second learning method that combines
the original feature, forecasting output of the multiple models, and actual data to produce a new
training dataset. The multiple models consist of a least-square support vector machine (LSSVM),
BPNN, and gradient boosting regression trees. In [5], an evolutionary neural machine inference
model combining least-square support vector regression and RBF is used to forecast residential
energy usage. Then, a symbiotic organism search is employed to find the optimal tuning
parameters of forecasting models. Ref. [6] proposes an ensemble method to forecast energy
consumption in residential buildings. Three generative adversarial networks integrated memristor
array are used as predictors. However, these methods mainly focus on the study of load
forecasting for large-scale systems (e.g., more than thousands of residential users) rather than an
individual residential customer. Since the individual load has the characteristics of fast change
and randomness, its prediction is still a challenge [3], [7]. Besides, the above methods mainly
focus on the user’s total power prediction and do not include the power consumption prediction
of high-power equipment, such as HAC. Since HAC occupies a large proportion of electricity, it
is the potential for energy-saving [24]. Furthermore, the power consumption forecast for HAC
can enable users to understand the specific situation of the power usage, so as to make necessary
adjustments to achieve the goal of power-saving [25]. There are three prediction methods for
HAC systems: physics-based, data-driven, and hybrid models [26]. The physics-based model
predicts the load by establishing a complex physical model. However, the parameters of the
physical model are often difficult to measure [27]. Data-driven uses machine learning and time-
series statistical analysis methods to predict load, but it requires a lot of historical data [28]. In
order to solve these issues, a hybrid model including physical-based and data-driven models is
presented because it only requires a simple physical model and less historical data [29]. In [30],
a thermodynamic model based on RC was built as the physical part of the building. Then, a
Gaussian process based on explicit basis functions was proposed to estimate building temperature

and predict overall energy consumption. The results show the higher forecasting accuracy. Ref.
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[31] proposes a hybrid model for building energy consumption forecasting. The air conditioning

power usage is forecasted by using the building thermal dynamic model and air conditioning

model. The non-air-conditioning power usage is forecasted by using LSSVM. The real dataset is

collected to validate the effectiveness of the proposed method. In [32], a hybrid model including

building thermal dynamic model and empirical model of heating, ventilation, and air conditioning

system is proposed to forecast building load demand in the campus. Table I provides a

comparative summary of the current articles investigating STLF.

According to the literature review, the motivations of this article can be summarized as follows:

3.

a)

b)

The HAC accounts for a significant proportion of typical household energy in the USA,
which can reach 51% of the total loads [33]. Therefore, the household load will be split
into HAC and non-HAC loads in this article. The consumption of the HAC load is
affected by indoor and outdoor temperatures. The current hybrid models require the
construction of a thermal dynamic model and a complex HAC model, which leads to an
increase in the unknown parameters of the model. In addition, data-driven methods
require the collection of large amounts of data for training and prediction.

The non-HAC loads have fast time-varying and random characteristics. For example,
electric lights are determined by the unpredictable behavior of users and environmental
conditions. Although traditional predictors can extract the non-linear characteristics of
the data, they cannot remember the important state of the past and the future. As a result,
the prediction accuracy is reduced.

In the case of single residential forecasting, only one predictor is used to implement load
prediction. However, a single predictor may produce undesirable outliers, thereby

increasing the prediction error.

Indoor temperature prediction & illuminance calculation

3.1.Proposed thermal dynamic model

A thermodynamic mathematical model is proposed to predict the indoor temperature of a house.

It should be noted that the indoor temperature refers to the average temperature. The schematic

diagram of the RC thermal model for £ house (k=1, 2, ..., n) is given in Fig. 1.

The heat transfer of the house exterior wall is expressed by a differential equation, as shown in

(D).

LATY  Ti=TY T -1
“dt T RY R

(1
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where T}" and C} are the temperature and capacity of exterior wall; 7, [ and T o are the

temperature of indoor and ambient; R}” is the resistance between indoor air and exterior wall; R}

1s the resistance between ambient and exterior wall.

- P
Window
DAY D

Fig. 1. The schematic diagram of house thermal dynamic model.

The heat balance model for the medium in the inner wall can be written as (2).

+ pAL D) (2)

where T}", Cy', and R}cm are the temperature, capacity, and resistance of the medium in the inner
wall; 4" and @} are the window area and solar radiation; p is the proportion of the solar radiation

acting on the inner wall medium.

The thermal transfer of the house roof is given in (3).

Ty Ti—-T/ T¢-T{

c Y S k _ k 3)
dt R Ry

where T} and Cj, are the temperature and capacity of the house roof; R}‘f is the resistance between

roof and indoor air; R} is the resistance between roof and ambient.

The heat balance of the indoor air will be affected by many factors, such as the external
temperature and the HAC. The equivalent mathematical model of the heat balance of the indoor

air is formulated as (4).

AT} T -T] T¢-T] T'-T] T"-T] T®-T} ‘ A
k= Tt ai iw im @t (1 = p)ALD; + D+ &
dt Ry Ry Ry Ry Ry

4

where C,{ is the capacity of the indoor air; 7, kdh and Rgh are the temperature and resistance caused

by humidity; RZi is resistance between indoor air and ambient; cl)kh and @ is the power input

from the heater and air conditioning.
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Based on (1)-(4), the thermal dynamic model can be further modified as deterministic linear state

space model in continuous time, as shown in (5).

ﬂ = ATk + BUk
dt (5)
Tko = CTk

where T, = [T}, T[", T{, T{] is the state vector; Uy = [T, T, &F, &2,/ is the input
vector of the thermal dynamic model; 7} denotes the measured parameters; 4, B, and C are the

system behavior, input behavior, and constant matrices. The matrices in (5) are shown in (6)-(8).

ar 0 0 ay
0 apn 0 ay

=10 0 as; sy ©)
gy d4p Q43 Qag
where each element is shown as follows:
1 1,1 1 1 1 1,1 1
A1 = s A1 = —C—;:(@‘FW), Uy = = w44 = G 433 = _F];(R_}(r-l_R_‘zr), asy =
1 1 1,1 1 1 1 1
: 0 0 0 0]
CLRYY
AW
0 0 P29 0
Gy
B = 1 (7
— 0 0 0 0
CeRY
1 1 A=-pAY 1 1
| CiRé Cipdh C; C, C
c=[0 o0 0 1] 3

Since real data is collected in discrete time, the differential equation (5) in continuous time can

be further written in discrete time based on Euler discretization method with sample time z.

Ti(t+1) = Agis Ti(?) + ByisUx(9)

T2 (1) = Cais Ti(0) )

where

T
Ay = exp(AT); By = f exp(Ac)Bdo; Cyie = C.
0
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The discrete thermal dynamic model in (9) is used to predict the indoor temperature at the next
time. However, there are physical parameters that cannot be measured in the thermal dynamic
model, such as heat capacity and resistance. Therefore, the maximum likelihood method can be
used to evaluate these unknown parameters. After that, a Kalman filter is employed to perform a

one-step prediction of equation (9) to obtain the indoor temperature [34].
3.2.1lluminance calculation

The strength of indoor daylight will affect residents’ use of electric light [35]. In addition, the
intensity of indoor daylight is mainly determined by the strength and length of outdoor sunlight
[36]. Hence, the article integrates the daylight illuminance equation to evaluate the outdoor
illuminance to improve the accuracy of the power usage of the electric light. The equation of the

solar illuminance is given in (10) [37].

0.78
L,=K, v, E;dL (10)
0.38
where L, is the outdoor illuminance; K,, is the maximum luminous efficacy, which is 683 Im/W;
v; is the luminous efficiency functions, which can be found from Commission Internationale de

I’Eclairage (CIE) 1988 data [38]; E; is global irradiance; X indicates the wavelength.

4. The proposed hybrid method

,~ Step 1: Data preparation N

/
l Thermal I Indoor Historical Weather [lluminance \I
: dynamic temperature load dataset dataset calculation |

L | | |
I v ;
: Normalization |
\ v !
\ Training set: validation set; test set. //
N ~_ _ y
T T T T LT T T T T T T T T T T T T T T T T T T T T e s ~
7 Step-2: Forecasting model N
HAC load LED light & other load N

// Ensemble model Deep ensemble model \\

Bi-LSTM-BA

Bi-LSTM-BA

Bi-LSTM-BA

,/ Trimmed algorithm Trimmed algorithm \‘
! I
! ]
\\ Combining /
N Step-3: Aggregation 7 /
T

/ \

| RMSE & R? |

! |

‘\ Step-4: Evaluation !

Fig. 2. The schematic diagram of the HM.

The HM divides the total data into HAC and non-HAC parts. The indoor temperature obtained

by the thermal dynamic model integrates weather and a small amount of HAC historical data,
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which will be used as the input of the EM to forecast HAC consumption. Non-HAC loads are
further divided into electric lighting and other loads. A daylight equation is used to calculate the
solar illuminance, which is combined with the historical data of the electric light power as input
of the DEM to track the power consumption of the electric light. Other loads are directly predicted
by DEM using its historical data. Finally, the HAC, lightings and other loads will be merged. The
schematic diagram of the HM is displayed in Fig. 2.

4.1.Data preparation

During operation, the raw dataset will be divided into training (Y;,4;,), verification (¥,44), and test
(Yiest) datasets. Yy, and Y, 4 are used to train and select the optimal model and parameters. Y.
is used to test the performance of the HM. In addition, reasonable preprocessing of the mentioned
datasets can effectively improve the performance of the predictor in the HM. Therefore, the min-
max normalization method is employed to deal with these mentioned datasets. The normalization
method can convert raw data to a scalar value between 0 and 1. The related equation can be
expressed as (11).

g =k —mn (in

Y max y min

where y, is the actual raw data; y_andy_. are the maximum and minimum values in y,; y, is

max

the converted value.
4.2. The proposed EM method

The preprocessed data will be fed into the EM as input. It can be observed from Fig. 2 that the
EM contains three predictors of SVM-GA, BPNN-GA, and GRNN. These three predictors
operate independently of each other. This means that there is no mathematical mechanism
between SVM-GA, BPNN-GA, and GRNN. The output of these three predictors will be sent to
the trimmed algorithm to be combined and then remove undesirable outliers to improve the

prediction accuracy. The detail of the individual predictor is shown below.
4.2.1. SVM-GA

The SVM is realized by the principle of structural risk minimization, the goal of which is to try
to minimize the upper limit of generalization errors [39]. The forecasting performance of SVM is
mainly determined by kernel functions and setting parameters, hence, they need to be selected
reasonably. This article chooses the RBF kernel function because its performance is better than

other kernel functions. GA is used to optimize the kernel parameters, insensitive loss parameters

116



and penalty parameters in SVM. The fitness function is represented by the mean square error

(MSE) between actual and validation values.

4.2.2. BPNN-GA

The BPNN is a multi-layer mapping neural network algorithm, which can reverse the error of
each node to adjust the relevant layer weights. However, the main disadvantage of BPNN is that
it sometimes fails to find the global optimal value during the iterative calculation process [40].
Therefore, GA is used to address the problem of not being able to find the global optimum. In
BPNN-GA, the initial weights, and thresholds of BPNN will be optimized by GA. The MSE is

used as fitness function.

4.2.3. GRNN

The GRNN is a form of RBFNN deformation. Based on non-parametric regression, the GRNN
calculates the expected output of the network with the maximum probability. In addition, the
GRNN has better nonlinear approximation capabilities [41]. Therefore, the GRNN is suitable for

solving nonlinear problems, such as STLF.

4.3.The proposed DEM method

LSTM network is a time series prediction model, which is proposed to address the problem of
information loss and gradient disappearance caused by RNN [1], [3]. The schematic diagram of

the LSTM network is given in Fig. 3. The computation formula can be written as (12)-(14).

f o
Ll _| o Xt
o= l o o], |+ (12)
3 tanh
Cl:El*it-l_Ct—l *f; (13)
h, = o, * tanh(c,) (14)

where f,, i;, 0, and ¢, are forget gate, input gate, output gate, and candidate value, respectively; x;,
h, and ¢, are the input, output, and cell state of the LSTM at the time ¢; 4,_; and ¢,_; are the output
and cell state at the previous time ¢ — 1; o and tanh are the sigmoid and tanh functions; w and b
indicate the weight matrices and bias vectors of the network activation function; * is an element-

wise product.

In the LSTM network, input x; is combined with previous output /,_; to generate the value of f,
(0,1) to determine whether to let previous cell state ¢,_; pass. In addition, the input x, and output
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h,_ are sent to the sigmoid and tanh functions to update the cell state c,. After, ¢, passes through

the tanh function and multiplies the signal from the output gate o, to obtain the target output #,.

The LSTM is a one-direction time series prediction method, which suffers from insufficient usage
of temporal features [42]. Therefore, the Bi-LSTM as the latest derivative structure of the RNN
is presented to address this problem [43]. The schematic structure of the Bi-LSTM is drawn in
Fig. 4. In each layer, the Bi-LSTM consists of the backward layer and forward layer. The
backward layer can obtain the future information from the data, while the forward layer can

process the past feature of the data. Therefore, Bi-LSTM can realize two-way information

transmission. The hidden layer state (H;) including forward state (Zt) and backward state (Zt) can

be written as (15).

h—y Iy ZE8
LSTM
Ct—2 4 Cr—1 % < 0 <t 4 Crt1
— > —> > > —>
A v
T |—>>< tanh
A v
LSTM D 6 6 CO»e LSTM
ARARE AT
4 0 tanh O
s no A4 A4 AR A4 [ n hin,
A A
C5 =1l Xt C5 4l

Fig. 3. The schematic diagram of the LSTM network.

Output layer eee Vi—1 Vi Vit1l eee
Backward layer €— h, ‘h, ;:
—> —>
Forward layer B hy m
Input layer eee X, X Xi+] eee

Fig. 4. The schematic diagram of the Bi-LSTM network.

il)t = m(ht—l? xta Ct—l)
Zz = ‘LSW(hm, Xp> Cre1) (15)
H[ = [hl" ht]

The hyperparameters of Bi-LSTM is required to be carefully adjusted to get the best prediction
results. The BA is selected as the optimization tool to search the optimal hyperparameters for Bi-
LSTM. In a network model M; (-), 8, is marked as a vector including the configured
hyperparameters. The purpose of the BA is to search for the optimal hyperparameters (8?‘”) ina
way that minimizes the performance errors of the network M;(-).

6°

1

P! = argmin £(6) (16)
7
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where L(*) is expressed as the real dataset and the errors evaluated by the model M;(-). The steps

of the BA are summarized as follows:

1. The BA will consider the error function L£(-) as a Gaussian process (GP) model.
Subsequently, the input information (8) is used to adjust and optimize the model.

2. 6;is selected from the GP model. The selection standard is that §; can maximize the
acquisition function.

3. The value of £(6) is calculated. If the maximum iteration is reached, the output result is
displayed. Otherwise, BA will go back to step 2. More detail regarding BA can be found
in [44].

The optimized hyperparameters of Bi-LSTM are given below:

1. Initial learning rate: refers to the value used for the initial training of the network.
2. L2 regularization coefficient: indicates regularization term which can attenuate the
weights, thereby preventing the phenomenon of model overfitting.

3. Hidden size: represents the number of neurons in each hidden layer.
4.4. Trimmed algorithm

Each predictor in the EM and DEM will produce a related expected result. This means that the
results from individual predictors need to be appropriately combined. In this article, multiple
results are aggregated by adopting a trimmed algorithm, which can effectively remove the
extreme values in the results to improve the prediction accuracy [45]. In order to calculate the
optimal trimming mean, the predicted value of each row in Y,,4 should be arranged in ascending

order. Then, the forecast trimming number (7;,) is defined as (17).

(04
Nirim = m Niotal (1 7)

where 7., is the total number of the predictors; a € [1,100] is the amount of the trimming.

Then, the number of elements contained in each row of Y, ,4 can be expressed as (18).

I’lt' I’lt' ﬂt'
;m+1a %+23---antotal_%}' (18)

Iy =1

Finally, the optimal trimming mean in the /™ row of Y, ,4 can be calculated by using (19).

A : Z i (19)
=—)7,
! Niotal — Mirim el by
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where /=1, 2, ..., n,,q4. It should be noted that 7,4 refers to the number of rows in Y, 4. After
the optimal trimming mean is obtained, the root mean squared error (RMSE) is used to test its

performance, as shown in (20).

1/2

Nyald

1
> 6 —y,)zl (20)
=1

Nyald =

RMSE" =

where y, is the actual value. The above steps will be repeated within the scope of a. Once the

smallest RMSE" is reached, then the optimal o can be determined. After that, the predicted

samples in Y. will be trimmed appropriately based on the optimal a.
4.5. Evaluation metrics

In order to evaluate the prediction performance, RMSE, and coefficient of determination (R?) are
chosen as evaluation metrics. RMSE are used to measure the difference between the forecasting
and actual values, as shown in (20). R? is employed to measure the fit of the prediction model. If

R? is closer to 1, then this means better predictive ability and data fit. R can be written as (21).

N 5 2
R =1 - 2010 @n
Zl=1 (y] _y[)

where 3, is the predicted value; y, is the average actual value; N is the number of the data.

5. Case studies and discussions

In this section, the public datasets from the UMass Smart Microgrid Project [46] and Flexhouse
project [47] are used to verify the performance and feasibility of the proposed method. The
purpose of the UMass project is to optimize user power usage by analyzing collected household
load data. Therefore, the UMass project deploys intelligent real-time systems in three real homes
located in Western Massachusetts to continuously collect environmental and power consumption
data. The UMass project focuses on collecting indoor environment, outdoor weather and power
usage of household appliances. This article selects the data of houses A and B as the test objects.
Houses A and B use a gas-powered heating system to increase the indoor temperature in winter.
In summer, house A uses natural ventilation, while house B uses central air-conditioning to cool
down. Therefore, the load data of house A mainly includes lighting usage and other loads (e.g.,
refrigerator and dishwash). The load data for house B consists of air conditioning, lighting, and
other loads. The Flexhouse project is an experimental building located at the Technical University
of Denmark, it collects the power usage of heater to study the energy performance of buildings.
The experiment time range is from February 2009 to April 2009. The data of the Flexhouse project

is composed of indoor environment, weather, and heater. The data sampling interval of Flexhouse
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and UMass is 5 minutes. Finally, BPNN-PSO, ELM-GA, RBF, and the method from Ref. [31]

will be used to compare the proposed models.
5.1.Case 1: indoor temperature prediction

Unknown parameters that cannot be measured from (5) are estimated in Table II. Due to the
different structure, material, and environment of house B and Flexhouse, the unknown parameters
of their thermal dynamic models are different. For both houses, the heat capacity Cj of the roof
is larger than other heat capacity parameters. Therefore, the roofing material has better heat
storage capability and slower temperature changes. The estimated heat capacity CfC of indoor air
is the smallest. This indicates that the indoor air has a low heat-gathering capacity, hence, its
temperature will change faster. The resistance against thermal convection from the outdoor
ambient to the house roof R} and wall R}" is almost the same. This shows that the external
environment of the roof and the wall is the same. In house B, the resistance against thermal
convection from the indoor air to the roof R}{r, external wall R}{W, and inner medium R}Cm is the
lowest. In Flexhouse, the thermal resistance R}Cm is the smallest. Also, the p of both houses is
0.869 and 0.915, which means that most of the solar radiation passing through the window is

absorbed by the indoor medium.

TABLEII
CASE 1: ESTIMATED PARAMETERS
Buildings ch ct o cy R RV R R Rim R RY P
House B 0.109 19.288  65.798 21.51 15.994 15.616 13.758 14.218 0.686 0.658 0.73 0.869
Flexhouse | 0.1073  1.9707 31.188 21.835  81.723 86.403 2.544 89.754 0.988 76.591 77.677 0915

Note: the units of Cf and R} are kWh/°C and °C/kW; x represents the unified symbol of upper labels.
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Fig. 5. Simulation results for case 1: (a) Indoor temperature for house B, (b) Outdoor temperature and HAC power for
house B, (c¢) Indoor temperature for Flexhouse, (d) Outdoor temperature and HAC power for Flexhouse.

TABLE III
CASE 1: EVALUATION METRICS FOR INDOOR TEMPERATURE
House B Flexhouse
Proposed 6R3C 4R3C Proposed 6R3C 4R3C
R(l:)/ICS)E 0.0245 0.078 0.0974 0.0751 0.1778 0.1676
R? 0.9987 0.9872 0.9801 0.998 0.9899 0.9886
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After the unknown parameters in the thermal dynamic model are calculated, the indoor
temperature can be predicted by using Kalman filter. In addition, the thermal dynamic model
6R3C (including six thermal resistances and three thermal capacities) and 4R3C from [31] and
[48] are used for comparison. It can be seen from Fig. 5(a) that the predicted indoor temperature
can accurately track the changes in the actual measured temperature. Besides, the indoor
temperature is the lowest between #; and ¢,, but the outdoor temperature rises to about 30 °C. This
indicates that the central air conditioning delivers power to adjust the indoor temperature, as
shown in Fig. 5(b). From Table III, the proposed method has the lowest RMSE (0.0245). The R?
value is 0.9987, which is very close to 1. Besides, 4R3C method produces the highest error and
the smallest R%. From Fig. 5(c) and 5(d), The predicted temperature experiences three points: 7,
t, and #;. Between #; and #,, the indoor temperature rises to about 22.5°C, while the outdoor
temperature is only about 2°C. This means that the heater is working to improve the indoor
temperature. Since the heater stops transferring heat between ¢, and #;, the indoor temperature
starts to drop. From Table III, the proposed method performance RMSE (0.0751) are the lowest,
and R? (0.998) is the highest. The prediction results of 6R3C are slightly higher than 4R3C
method. From the above results, the indoor temperature can reflect the usage of the heater and
AC system. In addition, the proposed thermal dynamic model outperforms the comparing

methods.

5.2.Case 2: illumination and light study
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Fig. 6. Simulation results for case 2: (a) Illumination and light on January 25, 2016, (b) Illumination and light on
September 30, 2016.

The relationship between illuminance and power usage of the electric light will be analyzed in
Case 2. The data collected from January 25, 2016 and September 30, 2016 are used as test targets.
From Fig. 6(a), the daylight illuminance is an upward trend between ¢; and #,, this means that the
visibility inside and outside has improved. The lighting energy in house A begins to decrease, and
the energy usage of the lights in house B does not change significantly. Since the illuminance will
be the lowest at #;, the indoor and outdoor visibility will decrease. Therefore, the energy
consumption of lights in houses A and B have been significantly increased. From Fig. 6(b), the
illuminance starts to increase at ¢;. The energy consumption of lights in houses A and B has
slightly changed. The illuminance reaches the highest at ¢,, and the lighting power in houses A

and B are both low. Since the illuminance reaches its lowest at 73, the energy usage of the lights
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in houses A and B is significantly increased. From the above results, it can be seen that the

intensity of illuminance can also reflect the use of lighting energy.
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Fig. 7. Simulation results for case 3: (a) HAC usage for Flexhouse in winter, (b) HAC usage for Flexhouse without indoor temperature in winter,
(c) Lighting usage for house A in summer, (d) Other load usage for house A in summer, (¢) Total load usage for house A in summer, (f) Lighting
usage for house A in winter, (g) Other load usage for house A in winter, (h) Total load usage for house A in winter, (i) HAC usage for house B in
summer, (j) HAC usage for house B without indoor temperature in summer, (k) Lighting usage for house B in summer, (1) Other load usage for
house B in summer, (m) Total load usage for house B in summer, (n) Lighting usage for house B in winter, (0) Other load usage for house B in
winter, (p) Total load usage for house B in winter.

TABLE IV
CASE 3: EVALUATION METRICS FOR 1 DAY LOAD FORECASTING
Flexhouse House A
L HAC in winter | Lightusagein | Other load usage | Total load usage Light usage in | Other load usage| Total load in
HAC in winter . . . . L R
(no indoor temp.) summer in summer in summer winter in winter winter
RMSE _, |RMSE , | RMSE , | RMSE , | RMSE , | RMSE , | RMSE , |RMSE _,
Methods | qewy R Jawy ® faw M faw ® Jew M Jaw R Jaw R jawm R
HM 0.2521 0.9898|0.3533  0.98 0.026  0.9785 | 0.0363 0.9853 | 0.0441 0.9832 | 0.0532 0.9602 | 0.0725 0.9835]0.0892 0.9763
Bﬁé\l(])\l— 0.4801 0.9631|0.2534 0.9467 | 0.0731  0.83 0.1227  0.8317 | 0.1473 0.8126 | 0.1134 0.8192 | 0.234 0.8279| 0.225 0.8495
ELM-GA | 0.4652 0.9654 | 0.7408 0.9122 | 0.0866 0.7618 | 0.1141  0.8545 | 0.1327 0.8479 | 0.1116 0.8251 | 0.2208 0.8467| 0.223 0.8522
RBF |0.6501 0.9324|0.7647 0.9064 | 0.0826 0.7832 | 0.1331  0.8019 | 0.1565 0.7884 | 0.1171 0.8074 | 0.2479 0.8068|0.2478 0.8175
Ref. [31]]0.5475 0.952 - - 0.0528 0.9113 | 0.0655 0.9521 | 0.0834 0.9398 | 0.078 0.9146 | 0.1425 0.9362(0.1559 0.9278
HM - - 00337 09639 | - - - - 00683 09344 | - N
(no-Illu.)
House B
. HAC in summer | Lightusagein | Other load usage | Total load usage | Lightusagein |Other load usage| Total load in
HAC in summer . . . . L R
(no indoor temp.) summer in summer in summer winter in winter winter
RMSE , | RMSE , | RMSE , | RMSE , | RMSE , | RMSE . | RMSE , |RMSE R
Methods | gwy R Jawy R Jaw R Jaw R Jaw R aw R jaw R jaw R
HM 0.2031 0.97320.2451 0.9610 | 0.0059 0.9835 | 0.0363  0.9853 | 0.2162 0.9806 | 0.0025 0.9828 | 0.0396 0.9613]0.0396 0.9624
B}l)’é\l(l)\l— 0.2908 0.945 | 0.3189 0.9339 | 0.0172 0.8579 | 0.2012  0.7474 | 0.4737 0.9069 | 0.0066 0.879 | 0.1026 0.7405|0.1014 0.7529
ELM-GA| 024 0.9626|0.3163 0.9350 | 0.0186 0.8331 | 0.2121 0.7194 | 0.4779 0.9052 | 0.0068 0.8705 | 0.1016 0.7458]0.0966 0.7755
RBF |0.3608 0.9154|0.3914 0.9004 | 0.0232 0.7417 | 0.2268  0.679 | 0.5436 0.8773 | 0.008 0.8231 | 0.1067 0.7197|0.1082 0.7187
Ref. [31] [ 0.2989 0.9419 - - 0.0138 0.9082 | 0.1342 0.8877 | 0.3387 0.9524 | 0.0053 0.9216 | 0.0811 0.8379(0.0813 0.8412
HM - - - - 0.0101 0.9514 - - - - 0.0045 0.9431 - - - -
(no-Illu.)

5.3.Case 3: house daily load forecast
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The Flexhouse data collected on February 10, 2009, and houses A and B measured on February
27, 2016 and July 28, 2016 were used as test targets (Note: February is winter, and July is
summer). In the collected dataset, HAC power is predicted using forecasted indoor temperature,
meteorological and less historical data as the input of the EM. The DEM combining the calculated
illuminance data is used to track the trajectory of lighting energy and other loads. Tables IV lists
the comparison of RMSE and R? for the load prediction between the HM and other methods. Fig.

7 shows the forecasting results and the corresponding targets.

It can be seen from the results of Flexhouse in Table IV that the RMSE of HM (0.2521) are
smaller than other single predictors. In addition, the HM has the highest coefficient of
determination (0.9898), which indicates that the HM model has a strong fitting ability. The RBF
model shows the largest RMSE (0.6501), and the smallest R? (0.9324). The prediction
performance of ELM-GA and BPNN-PSO are relatively close. The method from Ref. [31]
produces a prediction error between BPNN-PSO and RBF. Fig. 7(a) shows that the proposed HM
can accurately predict the change of HAC load. However, a single model such as BPNN-PSO and
RBF will have larger extreme values (p; and p»), thereby increasing the forecasting error. In
addition, Fig. 7(b) presents the result of removing the indoor temperature from the input in the
predictor. Although the HM, ELM-GA, BPNN-PSO, and RBF can predict changes in HAC load,
their prediction accuracy and fitting capability are reduced, as shown in Table I'V. It should be
noted that the method from Ref. [31] is to evaluate the energy consumption of HAC by indoor
temperature. Therefore, the method cannot be operated under the condition of removing the

indoor temperature.

From the results of house A in Table IV, the proposed method can accurately predict the lighting
in summer and winter. The proposed method provides the lowest RMSE (0.026 and 0.0532) and
the highest R? (0.9785and 0.9835). After removing the daylight illuminance, the prediction
accuracy and fit of the proposed method are reduced. The results (0.0337 and 0.0683 for RMSE;
0.9639 and 0.9344 for R?) are still better than the other single predictors. The power consumption
trajectories of other loads (such as refrigerator and dishwasher) can also be accurately captured
by the proposed method. The total load forecast is achieved by combining the predicted lighting
energy and other loads. This means that the total load forecast can provide lower RMSE (0.0441
and 0.0892) and the highest R (0.9832 and 0.9763). However, due to the poor generalization and
training network capabilities of a single predictor, ELM-GA, BPNN-PSO, RBF, and the method
from Ref. [31] give lower R? and RMSE. The forecasting results of the house A are shown in Fig.
7(c) - 7(h).
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Fig. 8. Simulation results for case 4: (a) HAC usage for Flexhouse in winter, (b) Lighting usage for house A in summer, (c) Other load usage
for house A in summer, (d) Total load usage for house A in summer, (¢) Lighting usage for house A in winter, (f) Other load usage for house A
in winter, (g) Total load usage for house A in winter, (h) HAC usage for house B in summer, (i) Lighting usage for house B in summer, (j) Other
load usage for house B in summer, (k) Total load usage for house B in summer, (1) Lighting usage for house B in winter, (m) Other load usage
for house B in winter, (n) Total load usage for house B in winter.

TABLE V
CASE 4: EVALUATION METRICS FOR 3 HOURS LOAD FORECASTING
Flexhouse House A

HAC in winter (R?) Light usage in summer (R?) | Other load in summer (R?) | Total load in summer (R?) | Light usage in winter (R?)

Methods M A E M A E M A E M A E M A E
HM 0.9835 0.9661 0.9839 | 0.9795 0.9833 0.9788 | 0.9706 0.9469 0.9507 | 0.9765 0.9492 0.9593 | 0.9815 0.9393 0.9832
BII:IS\I(I)\I- 0.9213 0.9026 0.9064 | 0.9259 09144 0.8999 | 0.8889 0.8814 0.8608 | 0.8998 0.8727 0.8638 | 0.8916 0.8978 0.9186
ELM-GA | 0.9439 0.9081 0.9327 | 0.9311 09177 0.9012 | 0.9058 0.9019 0.8999 | 0.9003 0.8773 0.8749 |0.9067 0.8958 09114
RBF 09187 0.8781 0.9088 | 0.9095 0.8701 0.8891 | 0.9341 0.8836 0.858 | 0.8953 0.8079 0.8184 | 0919 0.872  0.9298
Ref. [31]] 0.9677 0.9108 0.9028 | 0.9332 0.9462 0.9464 | 0.9104 0.9013 0.9062 | 0.924 0.9051 0.9025 ]0.9458 0.9241 0.9416

House A House B

Other load in winter (R?) | Total load in winter (R?) HAC in summer (R?) Light usage in summer (R?) | Other load in summer (R?)

Methods M A E M A E M A E M A E M A E
HM 0.9802 0.9691 0.9366 | 0.9864 0.9687 0.9307 | 0.9869 0.9819 0.9876 | 0.9656 0.9558  0.979 |0.9399 0.9376 0.9255
B}I:IS\](])\I- 0.8679 0.8579 0.8697 | 0.922 0.8234 0.8636 | 0.9357 0.9255 0.9505 | 0.9266 0.9144 0.9232 | 0.8611 0.8443 0.8387
ELM-GA | 0.8839 0.8669 0.8852 | 0.9411 0.8541 0.8722 | 0.9414 0.944 0.9794 | 0.9482 0.9249 0.9399 |0.8883 0.8675 0.8563
RBF 0.8462 0.8107 0.8349 | 0.9122 0.8046 0.8315| 0.9101 0.9163 0.9454 | 0.9335 0.9122 0.92 0.8526 0.8413  0.8251
Ref. [31]] 0.9119 0.8757 0.8899 | 0.9443 0.8744 0.8812 | 0.9492 0.9445 0.9651 | 0.9188 0.919  0.9377 |0.8927 0.8715 0.8809

House B -
Total load in summer (R?) | Light usage in winter (R*) | Other load in winter (R%) Total load in winter (R?) -

Methods M A E M A E M A E M A E - - -

HM 0.9768 0.9633 0.9873 | 0.9882 09716 0.9542 | 0.9546 0.9392 0.9439 | 0.955 0.9404 0.9443 - - -

BII:IS\ISI_ 0.9141 0906 0.9385| 09193 09372 0.9038 | 0.8917 0.8405 0.8596 | 0.8815 0.8316 0.8786 - - -

ELM-GA | 0.9315 09172 09408 | 0936 0.9454 0.9444 | 0.9007 0.8817 0.8618 | 0.8953 0.848  0.8821 - - -

RBF 0.9073 0.8915 0.924 | 0.9356 0.9449 0.9103 | 0.8851 0.8494 0.8437 | 0.8903 0.8123  0.8745 - - -

Ref. [31]] 0.9478 0.9233 0.9707 | 0.9553 0.9289 0.9207 | 0.9096 0.8675 0.9002 | 0.9102 0.8697 0.9011 - - -

Note: M — morning, A — afternoon, E — evening.

The summer power data of the house B includes HAC, lightings and other loads. From Fig. 7(i)

and 7(j), the HM can accurately track the HAC power trajectory such that its prediction has a
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better fit with the target value. Although other single predictors can also predict HAC load
consumption, they may have undesirable extreme values, thereby reducing the accuracy of
prediction. From Fig. 7(k) and 7(1), HM can effectively predict lighting and other loads that have
high frequency change characteristics. The HM gives the highest R? (0.9835 and 0.9853) and
lowest RMSE (0.0059 and 0.0363). However, the prediction errors of other methods are
significantly larger, as shown in Table I'V. Since the prediction error of HM for each load is low,
the prediction accuracy of the total load is high, as shown in Fig. 7(m). In addition, the HM can
also accurately predict the daily load usage of house B in winter, and its results are also
significantly better than a single prediction method. The results are shown in Table IV and Fig.
7(n) - 7(p). From the above results, the proposed HM can accurately and stably predict the daily
load in various houses and seasons. The result is obviously better than BPNN-PSO, ELM-GA,
RBF, and the method from Ref. [31].

5.4.Case 4: house load forecast for 3 hours

The performance of the HM in 3 hours load forecasting will be studied. The Flexhouse data
collected on March 4, 2009, and houses A and B measured on February 29, 2016 and July 26,
2016 were used as test data. In order to show the change characteristics of the load in different
time periods, Case 4 will select the load data from 7:00 to 10:00, 13:00 to 16:00, and 19:00 to
22:00 as the test targets. The prediction results are presented in Fig. 8 and Table V.

From Fig. 8(a), the HAC load in Flexhouse does not change in the morning and evening.
Therefore, the R? values of all predictors are above 0.9, and R? values of the proposed HM are
the highest at 0.9835 and 0.9839. In the afternoon, the HAC load had a sudden change. Hence,
the accuracy of all predictors decreases. However, the prediction fit of the HM is still the highest,
it is 0.9661. It can be seen from Fig. 8(b) - 8(g) that the HM’s prediction accuracy of the load
energy consumption for house A is significantly better than other single predictors. The maximum
and minimum of R? for the proposed HM are 0.9876 and 0.9307. In addition, the load change
frequency of house B is relatively fast, and the HM can still achieve accurate prediction, as shown
in Fig. 8(h) - 8(n). From the above results, it can be concluded that the prediction ability of the
proposed HM is obviously better than the compared methods.

5.5.Case 5: long-term house load forecast

The HM is used to realize the long-term load forecast of the houses for 3 months. Houses A and
B data collected from July 2016 to September 2016 are used as the test targets. It should be noted
that the data from February to April 2009 provided by the Flexhouse project is intermittent.
Therefore, Flexhouse is not studied in Case 5. The prediction results are presented in Fig. 9 and

Table VI.
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From Fig. 9(a) - 9(g), it can be observed that the three-month load change frequency of houses A
and B is relatively fast. Due to the poor generalization and training network capabilities of a single
predictor, ELM-GA, BPNN-PSO, RBF and the method from Ref. [31] give lower R? and higher
RMSE. However, the HM can still guarantee high prediction accuracy and determination
coefficient. For example, in the total load prediction result of house B, the HM provides the
highest R? (0.9677) and the lowest RMSE (0.2064). Meanwhile, RBF shows the highest RMSE
(0.5461) and the lowest R* (0.7738). Although the prediction performance of ELM-GA, BPNN-
PSO, and the method from Ref. [31] is better than RBF, they are still lower than the HM.

Therefore, the proposed HM is better than a single predictor in long-term house load prediction.

From the above results, it can be seen that the HM has the best generalization ability, and it can
maintain good prediction accuracy in different buildings (Flexhouse, houses A and B), season
(summer and winter) and time horizons (3 hours, 1 day and 3 months). Meanwhile, ELM-GA,
BPNN-PSO, RBF and the method from Ref. [31] have different prediction accuracy under
different conditions. This means that the prediction stability of a single predictor is poor.
Therefore, the proposed HM prediction has better stability and can be used for various household

load predictions.
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Fig. 9. Simulation results for case 5: (a) Lighting usage for house A, (b) Other load usage for house A, (c) Total load usage for house A, (d)
HAC usage for house B, (e) Lighting usage for house B, (f) Other load usage for house B, (g) Total load usage for house B.

TABLE VI
CASE 5: EVALUATION METRICS FOR 3 MONTHS LOAD FORECASTING
House A House B
Light usage Other load usage | Total load usage HAC in summer Light usage in Other load usage Total load usage
RMSE , | RMSE R RMSE 5 RMSE 5 RMSE ) RMSE 5 RMSE R
Methods (kW) R (kW) R (kW) R (kW) R (kW) R (kW) R (kW) R

HM 0.0229 0.9536| 0.0579 09572 | 0.0688 0.9524 | 0.1731 0.959 0.0127 09003 | 0.0895  0.9575 | 0.2064 0.9677

BI}:E(I)\I_ 0.0483 0.7946 | 0.1482  0.7195 | 0.1618  0.737 0.4391 0.736 0.022 0.6996 | 0.2171  0.7503 | 0.5327 0.7847

ELM-GA | 0.0465 0.8096 | 0.1475  0.7221 | 0.1503  0.773 0.4055 0.7749 | 0.0213  0.7178 | 0.2019 0.784 0.4828  0.8231
RBF 0.0494 0.7851| 0.1582  0.6802 | 0.1656 0.7244 | 0.4562 0.715 0.0223  0.6926 | 0.2193  0.7453 | 0.5461 0.7738
Ref. [31] | 0.0359 0.8866 | 0.0879 0.9012 | 0.0941  0.911 0.3664 0.8161 | 0.0199  0.7537 | 0.1893  0.8101 | 0.4261 0.8622

6. Conclusion

In this paper, a HM method is proposed for the STLF of the individual residential user. The HM
includes a thermal dynamic model, DEM, and EM. The thermal dynamic model is used to predict
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the indoor temperature, which integrates meteorological and a small amount of HAC historical
data as the input of the EM to forecast the HAC load usage. In addition, non-HAC loads are
divided into lightings and other loads. An illuminance calculation method is used to generate
daylight illuminance, which will be combined with lighting historical data as input of the DEM
to predict light usage. Other loads are directly predicted by DEM. The EM includes SVM, BPNN,
and GRNN. GA is used to optimize the hyperparameters of SVM and BPNN. The DEM consists
of the multiple Bi-LSTM networks. The BA is used to search the optimal hyperparameters of the
Bi-LSTM. The outputs of the individual predictors are aggregated by a trimmed algorithm. The
total load forecast is obtained by combining HAC, lighting and other loads. The data of the UMass
microgrid and Flexhouse projects is used as the test target. The results show that the predictive

performance of the proposed HM works as expected.
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Preamble:

The home energy management system (HEMS) will formulate an optimal power dispatch plan
through the collected data and user needs, which will determine the charging and discharging
operation of the hybrid energy storage system, and purchase/sell electric energy from/to the
utility. Therefore, Chapter 6 proposes a multi-level HEMS for home microgrids, which consists
of two parts. The first part is the system level HEMS, which is proposed to reduce operating costs
and improve user comforts. This system level HEMS is the long- and short-time scales
optimization method based on model predictive control (MPC). The long-time scale optimization
is proposed to minimize the operating cost of the system and maximize user comforts. The total
operating cost consists of electricity cost, PV power generation cost, battery and SC wear costs.
Then, a predicted mean vote - percentage people dissatisfied (PMV-PPD) model is adopted to
evaluate thermal environment comfort. An illuminance model is employed to assess the indoor
visual comfort. The objective of the short-time scale optimization is to alleviate the power
fluctuations caused by the randomness of end-user behaviors and PV generation, as well as to
ensure the capacity of the SC within a safe range. The second part of this chapter is the local level
energy management system, which is further improved based on the method in Chapter 4.

Furthermore, the control method is more simplified and has better performance.
Abstract:

A multi-level home energy management system (HEMS) in this article is proposed to minimize
operating cost and to maximize user comfort in the DC-based home microgrid. The presented
HEMS includes the system- and local-level HEMS. The system-level HEMS consists of long-
and short-time optimization based on model predictive control (MPC). The long-time
optimization (LTO) optimizes load usage by using data collected with the goal of minimizing
house operating costs and maximizing user comfort. The purpose of the short-time optimization
(STO) is to alleviate the power oscillations caused by the randomness of user behavior and PV
generation, and to ensure that the voltage level of the supercapacitor (SC) is within a safe range.
Besides, a predicted mean vote - percentage people dissatisfied (PMV-PPD) model is used to

estimate comfort level in thermal environment. An illuminance model is employed to assess the
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intensity of indoor light. Battery and SC degradation cost models are proposed to evaluate the
wear cost during operation. The local-level HEMS is used to achieve DC voltage restoration,
power sharing between batteries and SCs, as well as voltage recovery of SC. Besides, a
consensus-based voltage regulator is proposed to achieve state of charge (SoC) balance and
accurate power sharing between batteries. The dataset from National Renewable Energy Lab

(NREL) and energy market company of Singapore are used to validate the proposed method.
1. Introduction

Recently, approximately one third of energy usage is contributed to residential sector. Integration
of small-scale power systems including renewable energy resource (RES) and energy storage
system (ESS) into residential buildings has become an emerging technology to reduce energy
consumption and alleviate environmental concerns. These power systems are also defined as
home microgrid [1]. Besides, the energy generated by photovoltaic (PV) systems is DC power,
and a large number of DC electrical loads are applied in houses, such as LED lights and air
conditioners. DC-based microgrids can be better used in housing scenarios, which can improve
energy efficiency and simplify power conversion [2]. In DC home microgrid, the home energy
management system (HEMS) plays a significant role in optimizing energy usage. HEMS can
effectively coordinate the power supply of various energy resources and provide decision support

for the customers’ demand [3].

Many existing works have presented the HEMS with different purposes [4]-[7]. In [8], a two
level HEMS is proposed for residential energy optimization. The first level of the HEMS is to
minimize the electricity tariff by regulating the time usage of the appliances. The second level of
the HEMS is to optimize the operation cost of the microgrid. In [9], a model predictive control
(MPC) based HEMS is designed to optimize energy usage based on the information of the
electricity tariff, load demand and power generation. In [5], a multi-objective mixed integer
nonlinear programming model is proposed for energy cost saving and comfortable lifestyle in
residential building. In the method, energy saving, indoor thermal comfort and user satisfaction
rate are used as optimization objectives. In [10], a stochastic HEMS model is proposed to
minimize the energy cost in the long-term period. A response fatigue index is designed to
maintain the users’ satisfaction. Ref. [11] proposes a novel differential dynamic programing based
HEMS to minimize the electricity expense in the house integrating PV system, ESS, and
controllable load. This HEMS takes into account the uncertainty caused by PV generation, and
battery degradation cost. Ref. [12] develops an energy management system based on Lyapunov
optimization technique for grid-connected PV integrated buildings. The objective of this method
is to minimize the energy usage by considering real-time price, energy storage degradation cost

and user comfort level. In [13], a multi-stage HEMS is proposed to maintain indoor thermal
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comfort and minimize home operation cost. This work also intends to reduce the energy deviation

between day-ahead scheduling and actual operation.

Although the above-mentioned articles have studied HEMS in depth, their shortcomings can be

summarized as follows:

a. The methods in the above articles only consider the battery as an energy buffer, thereby
increasing the power supply burden on the battery and shortening the cycle life of battery.
This is because the intermittent power generation of RES and the randomness of household
load usage can lead to high frequency power fluctuations and power mismatch between
hourly power scheduling and intra-hourly power usage. This means that HEMS requires
the ESS to respond quickly to power changes. Hence, a high-power density ESS such as
supercapacitor (SC) should also be integrated into HEMS to compensate for the
fluctuations.

b. The thermal comfort in Refs. [5], [7], and [9]-[11] is evaluated only by the indoor
temperature, which cannot fully reflect the indoor comfort conditions. According to the
ISO 7730:2005 standard, thermal comfort includes indoor temperature, humidity and user
clothing conditions. Therefore, the method in [13] integrates a predicted mean vote (PMV)
model to evaluate indoor comfort. However, ref. [13] regards PMV as a constraint
condition rather than an objective function, hence, indoor comfort is not the optimal value.
Besides, very few articles such as [12] consider indoor visual comfort. However, the
method in this article does not consider the users’ work and rest time.

c. The mentioned articles focus on designing system-level HEMS and ignore the interaction

between local and system level HEMS.

Recently, battery-SC hybrid energy storage system (HESS) has been widely applied in different
scenarios such as shipboard microgrid and electric vehicle [14], [15]. Many works have
investigated the HESS [16]-[19]. For example, ref. [16] proposes an advanced droop-controlled
secondary control to achieve voltage recovery. Ref. [18] develops a coordinating control method
for power sharing, voltage restoration, state of charge (SoC) balance of batteries and SoC
recovery of SCs in DC microgrid. However, the method in [16] and [18] contains many control
loops, which makes the system complicated. Therefore, the method in [19] simplifies the
controller and ensures versatility of the controller. However, this method may amplify the system
noise in frequency domain, thereby deteriorating the system stability. Besides, refs. [16]-[19]

does not consider inaccurate power sharing caused by line resistance.

To address the issues mentioned above, a multi-level HEMS is proposed for DC home microgrid

in this article. The main contributions are summarized as follows:
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The system-level HEMS is composed of multi-time scale optimization based on MPC. The
goal of long-time optimization (LTO) is to minimize the operating costs of the house
microgrid and to maximize user comfort. The goal of short-time optimization (STO) is to
suppress the power oscillations caused by the randomness of user behavior and PV
generation, and to ensure that the SoC level of the SC is within a safe range.

To design a more practical HEMS, a modified battery degradation model based on lifetime
throughput and a SC degradation model are presented to be integrated into the HEMS in
order to reduce the operating cost and to prolong the energy storage lifespan.

A PMV - percentage people dissatisfied (PPD) model is employed to be an optimization
objective for improving indoor thermal comfort. Indoor illuminance model is used to
maintain visual comfort within an acceptable range.

The purpose of the local level HEMS is to achieve power sharing between batteries and
SCs, as well as voltage compensation for SCs. The DC bus volage can be maintained within
a desired range. Besides, a consensus-based voltage regulator is proposed to achieve

accurate power sharing and SoC balancing between batteries.

The rest of this article is organized as follows. Section II presents system configuration and model.

Section III describes system-level HEMS. Section IV presents local-level HEMS. Simulation

results are discussed in Section V. Finally, the conclusion of this article is given in Section VI.

2. System configuration and model

2.1.System configuration

HEMS

Day-ahead System-level Local-level
forecasting HEMS HEMS

AAAAA _ AAA
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Fig. 1. The schematic diagram of the HEMS in DC house microgrid.

The equivalent structure diagram of the proposed HEMS is shown in Fig. 1. The system consists

of a PV generation, two HESSs and household appliances. In the day-ahead forecasting step, the

house load consumption is forecasted by the authors’ previous research [20]. The PV generation

and real time price are predicted by using artificial neural network. It should be noted that this

article mainly focuses on the studies of multi-level HEMS. Hence, the day-ahead forecasting will

not be discussed. Then, the system-level HEMS provides decision-making for house energy usage
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and generates power references based on forecasted data. Finally, the local-level HEMS
determine the charging and discharging of the HESS, and the purchase/sell the electricity from/to

main grid according to the power reference.
2.2.Battery degradation model

Battery degradation models can be divided into physical models and semi-empirical models. The
physical model is built based on the chemical structure and material parameters of the battery,
while the semi-empirical model is established based on battery operating parameters such as SoC,
voltage, depth of discharge (DOD), etc. [21]. In this article, the semi-empirical model is employed
since the establishment of the physical model requires experimental parameters. A linear
degradation model is a kind of semi-empirical model, which has been widely used in several
works [22]-[24]. For example, the linear degradation models in [22] and [23] are developed based
on the lifetime throughput. However, the estimation of battery degradation costs in this model is
achieved under fixed DOD conditions. In practice, DOD varies during battery operation.
Therefore, degradation costs estimated by above method may be inaccurate. In [24], the battery
degradation model is represented by a constant, which cannot accurately represent the process of
battery degradation. Hence, this article presents a modified degradation model. The lifetime

throughput is written as (1) [22].
LTTy = Q, x DoDg x Lg €))

where LTTj is the lifetime throughput of battery (kWh). Oy, DoDg, Lp are the battery capacity

(kWh), battery DoD, and lifetime. The battery degradation cost per kWh can be written as (2)
[22].

B
Chper = = @

LTTp x \[u
where Bjic. and u are the replacement cost ($) and charging and discharging efficiency.
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Fig. 2. Relationship between cycle life and DoD.

The characteristic relationship between life cycle and DOD is displayed in Fig. 2 [25]. When
DOD increases during battery operation, the life cycle decreases and vice versa. The fitting

function of the curve in Fig. 2 can be described as (3) [26], [27].
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LB(DODB(At)) = ag X DODB(At)_bB x CB % DoDjp(At) (3)

Py(t) X At

DoD(At) = 0
B

4
where ag, bg, cp are the curve-fitting coefficients for equation (2). At is the time interval. Pg(t)
is the battery power at time ¢ (kW). By combining (1) - (4), the total battery degradation cost

model with time variable can be expressed as (5).

Bprice X PB(t) x At
0, * DoDp(Af) x Lp(DoDg(A1)) x \fu

Cp(0) = (%)

where Cjp is the total battery degradation cost.
2.3.SC degradation cost model

SC is a power density energy storage with high lifetime and fast response characteristics.
Therefore, SC is usually used to provide transient power, thereby reducing the power supply
burden of the battery [28]. Since SC is also degraded during operation, HEMS needs to consider
the degradation cost of SC to maximize the economic benefits of the operating cost in the house
microgrid. The SC degradation model has been studied in several works [29]-[31]. However,
these models are more complex. Since the lifetime parameters of SC under normal working
conditions are available from the manufacturer, a linear model based on the lifetime can be

developed to estimate the degradation cost of SC, as shown in (6).

Cprice

Cse(D) = LSCTXQSC X Py (1) X At (6)

where SCpice, O, and L are the SC price, SC capacity and total lifetime. Pg(¢)is SC power
(kW). SCrice/(Lsec X 2 X Q) refers to the degradation cost in per kWh. Pg(7) X At indicates the

energy variation of SC during time interval Az.
2.4.PV generation and grid power cost model

The daily cost of PV power generation can be expressed as (7).

C. = PVprice (7)

PV " Nyear X 365 X 24

where PV ;. and Ny, are the PV price and number of guaranteed years of the photovoltaic.

Equation (7) refers to the fixed wear cost per hour of PV. The main grid electricity cost is written

as (8).
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Cy(t) = Py(1) X npr(t) X At (8)
where npr(t) is the hourly electricity price at time # ($), and P,(?) is the grid power at time # (kW).

2.5. Thermal comfort model

Thermal comfort refers to the users’ satisfaction with the current thermal environment, and it has
a significant impact on the user’s health [32]. Low thermal comfort causes overcooling and
overheating of the environment, which can lead to discomfort to the environment for customers.
According to ISO 7730:2005 standard, the thermal comfort model considers indoor temperature
and humidity [33]. In this article, the indoor temperature is estimated by the thermal dynamic

model in [20], which is written as (9).

T(t+1) = A x T(t) + B x U(¥)

T(t) = C % T() ®)

where 7(¢) = [T,,(?), T,,(¢), T,(2), Tin(t)]’ is the state vector. 7,,(¢) is the temperature of exterior
wall at time ¢ (°C). T,,,(¢) is the temperature of the medium in the inner wall at time ¢ (°C). T,.(¢) is
the temperature of the house roof at time ¢ (°C). Ti,(?) is the indoor temperature at time ¢ (°C).
U(f) = [T (%), Tgn(1), D(1), Pac (), Ph(t)], is the input vector of the thermal dynamic model. 7,,(¢)
is the ambient temperature at time ¢ (°C). Ty, (?) is the temperature caused by humidity at time ¢
(°C). @4(?) is the solar irradiation at time ¢ (kW/m?). P,(¢) and P)(¢) the power input from the
heater and air conditioning (AC) at time ¢ (kW). 4, B, and C are the system behavior, input

behavior, and constant matrices, which can be found in [20].

The indoor temperature obtained from (9) cannot accurately reflect the user’s thermal comfort
satisfaction. Therefore, the PMV model is incorporated into the HEMS to evaluate thermal
comfort. PMV is expressed as the users’ perception of thermal comfort in the environment. Based
on Table I [33], when the PMV is between -0.2 and +0.2, the higher comfort is reached. The
users feel comfortable when PMV is between -0.5 and +0.5. The PMV model is given in (10) and

(11).

TABLE 1
PMV-PPD Standard
Category PMV PPD (%)
A -0.2<PMV <+0.2 <6
B -0.5<PMV <+0.5 <10
C -0.7 <PMV <+0.7 <17
Pv(l‘) — rh(t) x 10 x e(16.6536 — 4030.183)/(Tin(?) + 273) (10)
PMV() = apmy * Tin(?) + bpmy > Py(t) + cpmy (11)
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where P, (¢) and rh(?) are the vapor pressure and relative humidity at time ¢. apypy, bpyvy and cpyy
are the clothing thermal insulation factors, which can be found from [34]. However, PMV refers
to the average thermal comfort of the house members, thus ignoring individual differences in the
house. A PPD model is used to assess the dissatisfaction of users in the house with the thermal
environment. A lower PPD value means that fewer users in the house are dissatisfied with the
thermal environment. The PPD model can be written as (12), while the PPD(¢) cost function can

be present as (13) [35].
PPD(7) = 100 — 95 X o~ (0.03353xPMV()* +0.2179xPMV (1)) (12)
Cppp(?) = wppp * PPD(?) (13)
where wppp is the weight factor ($).
2.6. Visual comfort model

Visual comfort refers to the intensity of indoor light, which is usually expressed in illuminance.
The indoor illuminance is produced by the electric lights and the outdoor sunlight. The

illuminance generated by electric lights can be formulated as (14).

Piigni(?) X MF x UF
A

Liigne(8) = (14)

where Ly (7) and Pyigp(7) are the lighting illuminance and lighting power at time 7. 4, MF and

UF are the illuminated area, maintenance factor and utilization factor.

The intensity of outdoor brightness can be represented by outdoor illuminance, which is
determined by solar irradiance. Ref. [36] establishes a linear relationship between outdoor

illuminance and solar irradiance through experimental measurement, which can be expressed as

(15).
Ly(t) = ay X (Pgni(?) + Paii(1)) + b, (15)

where L;(f) is outdoor illuminance (Ix). @y,;i(f) and ®Pyy,;(¢) are the direct normal irradiance and
diffuse horizontal irradiance at time ¢ (W/m?). a, and b, are the measured parameters that can be
obtained from [36]. Since most of the surface area of the house is impermeable to light, only a
small part of the outdoor illuminance is converted into indoor illuminance. The daylight factor is
introduced to represent the conversion rate between outdoor and indoor illuminance, which can

be expressed as (16) [37].

L,(t) = L (1) * DF (16)
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where DF is daylight fact. L,(¢) is the component of indoor illuminance at time ¢ (Ix). The indoor

illuminance (L;,(?)) is written as (17).
Lin(8) = Lijgn(®) + L,(2). (17)

The visual comfort requires the reasonable setups and assumptions, which can be summarized as

follows:

a. In the daytime, the indoor illuminance is mainly provided by the outdoor illuminance. If
the indoor illuminance is lower than 320 Ix, the electric lamp will provide lighting to
make the indoor illuminance meet the requirement [38]. If the room illuminance exceeds
1800 1x, it is assumed that the users will take actions to reduce the indoor illuminance
such as closing the window [39].

b. At night, the indoor illuminance is only provided by electric lights, and the poor
illuminance generated by moonlight is assumed to be ignored. During sleeping time
(22:00 — 6:00), the indoor illumination is recommended to be set between 0 and 5 Ix,
which is helpful for users to sleep [40].

3. Proposed system-level HEMS

The system-level HEMS consists of LTO and STO based on MPC. It should be noted that the
long- and short-time scales in this article are 1 hour and 5 minutes. LTO is to minimize the
operating cost, maintain user comfort and schedule power dispatch based on hourly forecasted
data. However, PV generation and household loads may vary within an hour depending on
meteorological factors and user behavior, thus reducing the accuracy of LTO. STO is developed
to reduce the deviation between the power optimized by LTO and the intra-hourly power usage.
The equivalent structure diagram of system-level HEMS is shown in Fig. 3. The stages can be

summarized as follows:

a. Forecasted dataset is imported to system-level HEMS.
b. LTO-MPC steps:

1. At time fr1, LTO collects the state information of the system components
containing the PV power, load demand, electricity price, as well as the SoC and
output power of battery and SC.

2. The predictive sequence is obtained by solving finite horizon optimization
problem.

3. The first element in the predictive sequence is sent to STO-MPC step. At ti11 +
Atyt, the predictive window moves by one time interval. The process starts from
step b-1.

c. STO-MPC steps:

1. Attime fst,1, STO collects data information from LTO-MPC step.
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2. The predictive sequence is obtained by solving finite horizon optimization
problem.

3. The first element in the predictive sequence is sent to b-1 and local-level HEMS.
At time #st; + Afst, the predictive window moves by one time interval. Then,

optimization process starts from step c-1.

3.1.System operation constraints
The power balance constraint for LTO and STO can be written as (18).
Pr(t) + Pign(t) + Poc(t) + Py(t) = Po(t) + Ppy(t) + Prgss(?) (18)

where P;(?) is the house load that does not include lights, air conditioner and heater at time ¢
(kW). P, (2) is the PV power at time 7 (kW). Pygss(2) = Pp(f) + Pg(#), which is output power of
the HESS.

The SoC variation models of the battery and SC can be expressed as (19) and (22).

}’]2 X PB(t) X At

SoCy(t + 1) = SoCx(f) — o
B

,Pp(1) <0 (19)

SoCx(t + 1) = SoCp(f) — Pet) X A1, (t)>0 (20)
B B QBX 77% > LB

ng, X PSC(z) X At

SoCy(f + 1) = SoCy.(t) — ,P.(H)<0 21)
Qsc
P () X At
SoCy (7 + 1) = SOCsc(t) - W: Psc(t) >0 (22)

where SoCp(#) and SoCy(7) are the SoC of battery and SC. 773, 75, né and ”gc are the charging

and discharging coefficients for battery and SC. The SoC and power constraints of the battery
and SC can be written as (23) - (26).

SoCHi" < SoCx(f) < SoCH™ (23)
SoCM" < SoC,(f) < SoCMm* (24)
P§" < Py(r) < PF™ (25)
PN < p_ (1) < P (26)

where SoCH™, SoC", SoCH™ and SoC™™ are the minimum and maximum SoC of the battery
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and SC. Piyin_ pmin piax 5,4 paX are the minimum and maximum power of the battery and SC.
B sc B sc p ry

The power constraints of the grid, lighting, AC and heater are given in (27) — (29).

PR < Py(t) < PP 27
Pl < Prign(6) < Pl (28)
Pt < Prao(t) < PR (29)

where Py, (?) is the power of heater or AC (HAC). Pglin, 1igiﬁt, pin, Pg™, Plight» and Ppc are the

minimum and maximum power of the grid, lighting and HAC.
The thermal and illuminance constraints are present as (30) and (31).
[PMVi,(£) = PMV ()] < epmy (30)
L™ < Lin(t) < L™ (31

where L™and L™ are the minimum and maximum illuminance. PMV 4(7) is the desired PMV

value. epypy 1S the deviation between desired and actual PMV.
3.2. The objective function of LTO and STO

The objective function of LTO considering indoor comfort and the degradation cost model of

HESS is proposed to reduce the operating cost of the house microgrid, it can be expressed as (32).

min Fyro = 2 (Cg(tLT) + Cptr) + Cooltrr) + Cepp(ir)) + Gy (32)
i €41,....7 7}

s.t. (5)—(8), (10) - (31)

variables: {P,(7 1), Pp(tL1), Poc(tL1)s Phac(fLT), P 1ight(l‘LT)}tTLLTT=1

where T}t is the time horizon for LTO. # 1 is time in LTO. Then, the objective function of STO

can be written as (33).

minFsro = > Culisy)

st €{1,....Ts1}

+ Z |P5" (1) — P3(ts7)]|

tst € {1,....Ts1}
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P @ - BTG

tst € {1,....Tst}

LT ST
+ Z |Prigne (tr) — Pliani(tst)]
tst €1{1,...,TsT}

LT ST
+ |Phac (ILT) - Phac(tST)l

]

tst € {1,...,Ts7}

+ z |SOC§‘Zf - SOCEir(fST, end)l (33)

tst € {1,....Ts1}

s.t. (6), (18) — (31)

variables:
{Py(ts7), Psc(tst), Pplfst)s Phac(fst), Plight(tST)}tstLl

where SoC™' is the reference SoC. SoCS?d(tST, end) is the SoC of the end time in the predictive

horizon.
4. Proposed local-level HEMS

The local-level HEMS regulates the power supply of the main grid and the HESSs by receiving
the power reference signal from the system-level HEMS. If the communication link between the
system-level and local-level HEMS suddenly fails, the local HEMS is able to operate
independently to ensure the stability of the house microgrid. In the local-level HEMS, a v-dP
droop control and v-P droop control with voltage recovery loop are employed to regulate the
battery and SC converters to achieve power distribution, DC bus voltage restoration and voltage

recovery of the SC.
4.1.v-dP droop control and v-P droop control with voltage recovery
A v-dP droop control is employed to regulate the battery converter, it is given in (34) [19].

P, , = Py

vb,n=vr—kb X i

(34

where ky, v, and v, ,, are the droop coefficient, reference and output voltage of the n™ battery

converter, (n=1,2, ..., N). P, , is the output power of the battery converter. P}ffn is the reference
power from system-level HEMS. Equation (34) contains a derivative term that amplifies the noise
in the control system, thereby reducing the stability of the system. Thus, equation (34) can be

further modified as (35).
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Ve = Vpon
Py, =P+ fk—bb’dt. (35)

The traditional v-P control with voltage recovery can be written as (36) and (37).

Vse,n = Vi — ksc X (Psc,n - P?z,fn) - 5Vsc,n (36)

| .
5vsc, ' (kslz:, n T klsc, n ;) X (Vgc, n vlsr(l:, n (37)

where k., Vg , and Py , are droop coefficient, the output voltage and power of the n™ SC

converter. P‘:é,fn is the reference power from system-level HEMS. dv, ,, is the voltage recovery
method. Vi, , and visré, . are the reference and measured voltage for the SC. kZ, , and kéc, , are the
control parameters. When the system- and local-level HEMS are operating normally, the voltage
recovery control of SC stops working to avoid conflict with the SoC recovery in the system level

HEMS.
4.2. Consensus-based voltage regulator

The purpose of the consensus algorithm is to exchange information through a sparse
communication network to ensure that the stored information state of distributed agents remains

consistent [41]. A consensus algorithm can be written as (38) — (39) based on [42].

hy(let1) = hy(0) +& Y 0,(k+1) (38)
Sy (k1) = Gy(K) + ay; [ (k) = (K] (39)

where £, (k) is the information state at iteration & for n™ agent. N, is the set of the agents. 0,;(k) 1s
a variable that stores cumulative difference between agents n and j, and J,;(0) = 0. a,,; is the

connection state between agents n and j. & can adjust the convergence speed, which can be

calculated by (40) based on [43].

2
RCET w
where £ (°) is the n™ largest eigenvalue of the symmetric matrix. L is the Laplacian matrix.
The consensus-based voltage regulator is defined by (41) — (43).
Py, =Py, +]%dt 1)
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Fig. 3 The schematic diagram of the multi-level HEMS.

. 1
5vn = [Plr),l;lq(k +l) + 5VSOC, n Pll:’un] X (kélz:c., n + k;cc., n ;) (42)

(5VSOC, n= [socrbn’ n SOCZ, n(k+1)] X kSoC, n (43)

where v, is the voltage compensation term. dvsoc, , is the SoC balance term. PP (k+1) and Pg;u,;

are the reference and output power in per unit for battery. k. , and kficc_, ,, are the accurate power
control parameters. SoCj, ,(k+1) and SoC}, , are the average and measured SoC of the n'™ battery.
ksoc, » is the SoC balance control parameter. Then, P} (k+1) and SoCj, ,(k+1) can be obtained

by (44) — (47).

PRS (D) = PES(O0) 6 ) duce iy (K41) (44)
JEN,
5acc., nj(k+1) = 5acc., nj(k) +aacc., nj P;E),l]l(k) - P;I?,lrlz(k)] (45)
SoCy, ,(k+1) = SoC}, ,(0) +e Z Isoc, nj(k+1) (46)
jENﬂ
Ss0C, mi(k 1) = soc, nj(k) + asoc, nj [SOC}, (k) — SoCj, (k)] 47)
where SoC), ;(0) is the initial SoC level. Pf,'?'(O) is the initial output power of the battery

converter. The control equivalent diagram is shown in Fig. 3. Besides, the presented approach
needs a sparse communication network. The communication delay can be represented as a

transfer function that is given in (48).

(48)



where 7 is the communication delay.
5. Simulation results

In this section, the public datasets consisting of load and meteorological data for individual house
are obtained from NREL database [44] to verify the performance of the proposed multi-level
HEMS. Then, the hourly electricity price data is collected from energy market company of
Singapore [45]. The long- and short-time intervals are 1 h and 5 min, respectively. The equivalent
structure of the house DC microgrid is shown in Fig. 1, which contains a PV generation, two
batteries and SCs, as well as house loads. The total optimization period is 24 h. The total system
parameters are given in Table II. Three case studies focus on discussing and analyzing the user
comfort, uncertainties of house load and PV generation and interaction between local- and
system-level HEMS. The designed model is executed in Matlab/Simulink.

TABLEII
PARAMETERS FOR MULTI-LEVEL HEMS

System-level HEMS

Buie  600SKWh  SoC"  10% PR 8
0, 12kWh  SoCE™  90%  P§™ 10 kWh
SoCy™" 10 % prin SkW Pl 0 kWh
SoC™ 90 % pmax 5kW et 1 kWh
piyin -5 kW Ly 50000  ppin 0 kWh
Pl 5kW PVipice  $6220 P 6 kWh
i 0.98 Nyear 25 PMV ,(f) 0
Epmy 0.2 5 1% 0.98 Epmy 0.2
ap 4980 ", 0.98 DF 0.1
bg 1.98 Illuminance comfort
cp 0.016 22:00 — 6:00 6:00 — 22:00
2400 min min
SCprice $/kWh Ly 01x L 320 Ix
0. 2 kWh Lme 51x L 1800 Ix
Local-level HEMS
Vb, Vse 150 Vv kL 0.25 ksoc 150
. RE
Cs, Cie 10 uF K. 0.157 R}" 0.02Q
sc, 1
RL
Lb, Lsc 2 mH Vi 75V b2 0.01Q
Rsc,2
kp 0016 VIW Kl 100 T 1 ms
kse 0.02V/IW K 62.83 Vr 220 V
TABLE IIT
HAC ENERGY FOR DIFFERENT WEIGHTS
WppD 0.1 0.2 03
HAC energy 76.5159 kWh 79.4329 kWh 80.3446 kWh

5.1.Case 1: User comfort
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This case study discusses the user comfort in the residential environment. The change in thermal
comfort level is observed by adjusting the PPD weights wppp (0.1-0.3) in the thermal comfort
scenario. From Fig. 4(a), it can be seen that the PMV waveform gets closer to the neutral line as
the wppp becomes larger. This means that the average users’ thermal satisfaction is higher. In
addition, the difference between PMV at wppp = 0.1 and 0.2 is larger than the difference between
PMV at wppp = 0.2 and 0.3. This implies that the PMV variation decreases gradually when the
wppp becomes larger. From Fig. 4(b), a higher wppp causes the PPD waveform to approach a
straight line of 5%. This indicates that the percentage of users dissatisfied with the current housing
thermal environment is at the lower level. From Fig. 4(c) and 4(d), outdoor temperatures begin to
warm up after 6:00 and can reach 40 °C. Then, the indoor temperature can be fluctuated around
22 °C. This means that HAC is working to reduce the indoor temperature. In addition, the indoor
temperature is fluctuated around 22 °C as the weight wppp changes. The energy usages of HAC
in 24 h are shown in Table III under different weighting conditions. It can be observed that the
PPD weights can control the energy consumption of HAC. At weights 0.1 and 0.2, the energy
consumption of the HAC increases significantly, while the energy of HAC varies less between
weights 0.2 and 0.3. From the above results, it can be seen that the designed wppp can effectively

regulate the indoor thermal comfort and HAC energy consumption. In this article, the wepp is set

to 0.2.
02 —Wppp = 0.1 — Wppp =0.2 — wppp, = 0.3 —Werp = 0.1 — Wepp = ‘042 — Wepp = 0.3 24 —Wepp = 0.1— - Wppp = 0.2 = Wppp :,0‘3 —T,
‘ 6 40
0.1 & =23
E 0\\ Neutral line PN P \\ TP SR
£ 2 Ezz X 30
-0.1 = 21 S,
5‘ 25
0.2 i € 12 16 20 24 0 i 2 16 20 24 4 § 12 16 20 24
Time (hrs) Time (hrs) T'ime (hrs)
(a) (b) (c)
3 —Wppp = 0.1 — Wwppp = 0.2 — wppp =0.3
z6 ~
S 4 ; h::\‘ | M1 &
2 <
<o :i‘\: g £
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Fig. 4 Simulation results for case 1: (a) PMV with different wppp, (b) PPD with different wppp, (¢) HAC power with different wppp, (d)
Outdoor temperature and indoor temperature with different wppp, (¢) Indoor illuminance, (f) Lighting power.

In this article, indoor illuminance is used to estimate visual comfort. From Fig. 4(e) and 4(f), the
indoor illuminance is mainly provided by the outdoor illuminance between 6:00 and 20:00. After
22:00, the indoor illuminance converted from the outdoor illuminance does not satisfy the visual
comfort of the users. Therefore, the electric lights start working to increase the intensity of the
indoor light. During sleep time, the electric light provides only a small amount of illuminance (0

- 5 1x) to ensure the users’ sleep quality.

5.2.Case 2: The uncertainties of house load and PV power
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LTO provides power scheduling decisions based on day-ahead forecast data. However, the
uncertainties generated by the random behavior of users and the intermittent nature of PV system
can cause the power mismatch between hourly power scheduling and intra-hourly power usage.
Therefore, an SC is employed to eliminate the power mismatch. In this case, power stochastic
errors are generated in the house load and PV power data to indicate the power mismatch. The
error rates are 5 %, 10 % and 20 %. The case consists of three scenarios: PV power data with
errors, household load data with errors, and both with errors. In addition, cost efficiency (CE) is
introduced to assess the percentage of savings in operating costs, it can be written as (47).

no

Cpo —C,,
0 W 100 % (47)
Cro

CE =
where C,, and C,, are the operating cost with and without HEMS (§).

— 0% —PV 5%—PV 10%—PV 20% — 0% —PV 5%—PV 10%—PV 20%

— 0% —load 5% —load 10%—Iload 20%

Fig. 5 Simulation results for case 2: (a) The output power of battery under PV error, (b) The output power of SC under PV error, (c) The output
power of battery under house load error, (d) The output power of SC under house load error, (¢) The output power of battery under both PV and
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house load errors, (f) The output power of SC under both PV and house load errors.

TABLE IV
CASE II: ESTIMATED PARAMETERS
PV errors 5% 10 % 20 % Load errors 5% 10 % 20 % Both errors 5% 10 % 20 %
TOt?;;)COS‘ 11.8088  11.7153  11.9210 T"tz‘;;“t 117741 117221  11.7386 T"t‘é)“’“ 11.7562 11.6550 11.8583
CE%) | 19.1107 197512  19.1358 | CE (%) 193481  19.7043  19.5918 CE (%) 20.0299 205237 19.6918
PMV 0.0527 0.0526  0.0528 PMV 0.0512 00513  0.0514 PMV 0.0513 0.0518 0.0522
PPD (%) | 5.0575 50573 50577 | PPD (%) 50543 5.0545  5.0547 | PPD (%) 5.0545 5.0556 5.0564

As can be seen from Fig. 5(a), 5(c) and 5(e), the change in error does not result in a large variation
in the output power of the battery since the output power of the battery tracks the power
scheduling decision provided by the LTO. From Fig. 5(b), 5(d) and 5(f), the SC is able to respond
quickly to oscillation in system load. In addition, the output power fluctuation of SC becomes
larger with the increase of power error. This is because the SC is regulated by the STO that is
used to suppress the power mismatch caused by stochastic errors. As can be observed from Table
IV, the total cost, cost efficiency, average PMV and PPD do not display significant changes with

power errors variations. As a comparison, the total cost, CE, PMV and PPD of the optimization
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without errors are 11.9067 $, 19.3383 %, 0.0521 and 5.0562 %, respectively. Therefore, the

proposed method can effectively suppress the power mismatch without increasing the operating

cost and ensuring the user comfort.

5.3.Case 3: Interaction between system- and local-level HMES
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Fig. 6 Simulation results for case 3: (a) Power profile in home microgrid, (b) Power signal from system-level HEMS, (c) DC bus voltage, (d)
Output power of SCs, (e) SC voltages, (f) SC SoCs, (g) Output power of batteries, (h) battery SoCs, (i) SoC deviation.

This case study will analyze and discuss the interaction between system level and local level
HEMS. From Fig. 6(a) and 6(b), the local-level HEMS will provide power demands for the house
based on the power scheduling decisions provided by the system-level HEMS. A communication
failure between the system and the local-level HEMS suddenly occurs between 8 and 12 hours.
The local-level HEMS is unable to receive the information command from system-level HEMS,
and thus it will achieve battery and SC power sharing through v-dP and v-P droop controls. After
12 hours, system- and local-level HEMS regained communication connectivity. The system-level
HEMS re-updates the power scheduling decision based on the current system data. The local level
HEMS will supply power to the house based on the updated reference power. During this period,
the DC bus voltage can be maintained within the desired range (220 x (1 + 5%) V), as shown in
Fig. 6(c). In addition, the SC voltage recovery control in the local-level HEMS will ensure that
the voltage and SoC of SCs fluctuate around the preset value for future use, as shown in Fig. 6(d)
- 6(f). As can be observed from Fig. 6(g) — 6(h), the initial values of the SoC for both batteries
are set to 70% and 60%, respectively. The proposed consensus-based voltage regulator will force
the battery with higher SoC to provide more power to the system than the ones with lower SoC,
thus avoiding the overcharging and discharging of the smaller SoC battery. Then, the SoC balance

between batteries is implemented regardless of the system line resistance consistency. Besides, it
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can be observed from Fig. 6(i) that the SoC deviation between the batteries is very small.
Therefore, the performance of the proposed consensus-based voltage regulator meets the expected

requirements.

6. Conclusion

In this article, multi-level HEMS is proposed for minimizing operating cost and maximizing user
comfort in a DC home microgrid. The multi-level HEMS consists of a system-level and local-
level HEMS. In the system-level HEMS, the LTO-MPC is proposed to minimize the operating
cost and to maximize the user comfort. The STO-MPC is presented to eliminate the power
mismatch caused by randomness of user behavior and intermittent PV generation. The PMV-PPD
model is employed to estimate the thermal comfort. The visual comfort is represented by the
illuminance model. Besides, the battery and SC degradation model is integrated into the HEMS
to assess the wear cost. In the local-level HEMS, a consensus-based voltage regulator is proposed
to achieve the accurate power sharing and SoC balance between batteries. The power sharing
between battery and SC is achieved by using v-dP and v-P droop controls. The DC bus voltage

and SC voltage can be restored within a safe range.
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Chapter 7: Conclusion and future work

7.1. Conclusion

This chapter summarizes the findings and results of this PhD thesis. It draws conclusions based
on the methodology and results mentioned in the previous chapters. Finally, it provides

recommendations for future research.

This thesis investigates the modeling of home energy management systems (HEMS) with solar
PV and hybrid energy storage systems (HESS). It provides accurate forecasting and optimal
power scheduling for household electricity usage. The thesis also studies the control technology
of the HESS to ensure the stable operation of household microgrid. The results and verification
under different conditions presents that the proposed method can help reduce the cost of home

microgrid operation and improve user comfort.

Chapter 2 provides a comprehensive literature review on the application technologies and related
challenges of HEMS in home microgrids. It discusses and studies various proposed solutions for
addressing the associated challenges. It also exposes the shortcomings of the current HEMS
research field and points out possible future challenges. Research areas with challenges suggested
in future trends of this chapter need to be researched more to get valuable solutions for
implementation. The discussion in this chapter shows that HEMS can enable end customers to
understand the structure of household energy use and change customers’ consumption behavior
to reduce electricity costs. It can further transform end users from traditional consumer roles to
prosumers, who can actively participate in energy market transactions. Therefore, the
development of this HEMS needs to consider load forecasting, optimization and control to ensure
the normal operation of the home microgrid. Furthermore, this complete system can increase the

penetration rate of renewable energy sources in houses.

Chapter 3 designs a control method for battery energy storage systems in DC microgrids. The
proposed method is able to achieve state of charge (SoC) balancing among batteries regardless of
whether the batteries have the same capacity or not. In this method, the voltage recovery control
is equivalent to a high-pass filter (HPF) to realize DC bus voltage regulation. That is to say, the
method removes the communication connection between the primary and secondary controllers
and simplifies the controller structure. Therefore, the control method proposed in this chapter is

a fully decentralized type to regulate the battery operation in the DC microgrid.

Chapter 4 proposes an integrated multifunctional controller for multiple HESSs consisting of
batteries and supercapacitors (SCs) in a DC microgrid. In the proposed method, the v-dP droop
control method is developed to regulate the battery converter, while the traditional v-P droop

control method is adopted to regulate the SC converter. This combination of two droop control
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methods can realize power sharing between battery and SC as well as voltage regulation without
additional voltage restoration controller, thus simplifying the complexity of the controller. This
method also designs a voltage compensator based on a consensus algorithm to achieve SoC
balancing and accurate power sharing among batteries. Finally, a power management system is

proposed to prevent battery overuse.

Chapter 5 proposes a hybrid model for short-term household load forecasting, which consists of
two parts. The first part is an ensemble model consisting of support vector machine (SVM), back
propagation neural network (BPNN), and generalized regression neural network (GRNN). Then,
a genetic algorithm is used to optimize BPNN and SVM to improve their forecasting performance.
Also, a thermal dynamic model is proposed to predict the indoor temperature, which is used as
input of the ensemble model to estimate the power consumption of air conditioning and heater.
The other part is a deep ensemble model that is used to predict lighting and other loads. The model
consists of three bidirectional long short-term memory (Bi-LSTM) networks. A Bayesian
algorithm is adopted to search the optimal hyperparameters of the BI-LSTM. After, an
illuminance algorithm is used to calculate outdoor illuminance, which is used as input of the deep
ensemble model to track lighting load usage. Finally, a trimmed algorithm is used to integrate the
results of ensemble and deep ensemble models. The datasets from the UMass Smart Microgrid
and Flexhouse projects are used to verify the performance of the proposed method. The results

show that the proposed method has better prediction accuracy.

Finally, Chapter 6 presented a multi-level HEMS for home microgrids. In HEMS at the system
level, long-time scale optimizations are proposed to minimize the overall system operating cost
and user comfort requirements. The operating cost covers electricity cost, PV power generation
cost, battery and SC wear costs. Then, the method also employs a predicted mean vote -
percentage people dissatisfied (PMV-PPD) model to evaluate the thermal comfort of users.
Besides, an illuminance model is adopted to evaluate the user’s visual comfort. The objective of
the short-time scale optimization is to alleviate the power fluctuations caused by the randomness
of end-user behaviors and PV generation, as well as to ensure the SoC of the SC within a safe
range. Then the local level HEMS is proposed to receive the power reference from the system
level HEMS to adjust the charging and discharging operation of the HESS, and purchase/sell the

electricity from/to utility.

The main concluding results and remarks of this thesis are summarized as follows:

e As an emerging power system, a home microgrid needs a smart HEMS integrating

multiple functions to ensure its stable operation and meet the needs of users and utility.
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Compared with traditional energy storage systems, HESS can effectively suppress high-
frequency power fluctuations caused by the randomness of user behavior and the
uncertainty of renewable energy resources.

The fully decentralized approach can achieve SoC balancing among batteries and DC bus
voltage regulation

The versatility and simplicity of the HESS control system can be achieved at the same
time.

Household load forecasting is very significant to assist users understand household load
usage and planning.

Considering different optimization objectives and system constraints can minimize the

operating cost of the system and maximize user comfort.

7.2. Future work

Despite the valuable contributions and findings of this study, there are still opportunities for future

research and prospects to expand the topics covered in this study. Some of research areas that

require further investigation are as follows:

Most of the HESSs mentioned in the literature are a combination of batteries and SCs.
There are few introductions for other types of energy storage combinations. Therefore,
scholars can consider further research on the low-cost combination and high economic
benefits of multiple type energy storage systems.

HEMS needs to receive and send data through a communication network. This means
that communication delays are unavoidable. Therefore, it is necessary to develop a delay
compensation algorithm in HEMS to reduce the negative impact of communication delay.
Coordination algorithms need to be developed in HEMS for both home-to-home and

home-to-grid. This is very important for the energy trading mechanism.
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