
 
Abstract—It is essential for Home Energy Management Systems 

(HEMSs) to minimize the system operating cost while maintaining 
the user comfort under forecasting uncertainties of solar and 
electricity load demand. However, the existing HEMS excessively 
relies on a single battery system and may not effectively assess user 
comfort. To this end, a hierarchical HEMS, i.e., system- and local-
level, is proposed in this article to coordinate the dispatch of home 
resources including battery energy storages and supercapacitors 
(SC). The system-level HEMS consists of long-term (LT) and 
short-term (ST) optimization based on Model Predictive Control 
(MPC). The LT optimization optimizes resource dispatch by using 
forecasted load and solar generation to minimize house operating 
costs and maximize the user comfort. The ST layer one is proposed 
to track the optimal power scheduling to minimize the cost error, 
refine the dispatch of resources and ensure a safe operational level 
of hybrid energy storage systems including the SC. The SC is 
employed to compensate the transient power and alleviate the 
battery degradation effects. The local-level HEMS is used to 
achieve DC voltage restoration, power sharing, voltage recovery of 
SC and state of charge (SoC) balance between batteries. The 
interaction between system- and local-level is also discussed. By 
using the dataset from NREL and Ameren Illinois Company, the 
test results show that this methodology can potentially reduce the 
system operating cost by 4.3500%, 7.7600%, and 37.7253% 
compared to the other single and multi-layer HEMSs. 
 

Index Terms—Consensus algorithm, DC home microgrid, 
degradation cost model, home energy management system, hybrid 
energy storage system, power sharing, SoC balance, user comfort. 

I. INTRODUCTION 

ECENTLY, approximately one third of energy usage is 
consumed in the residential sector. However, about 89.3 % 
electricity is generated by carbon-intense resources [1]. 

Utilization of these types of energy resources including coal, 
natural gas, etc. have negative impacts on the environment such 
as the rising temperature due to climate change and degraded 
air quality. To reduce energy consumption, improve energy 
efficiency, and alleviate environmental concerns, small-scale 
power systems including renewable energy source (RES) and 
energy storage system (ESS) has emerged as an alternative 

solution for residential buildings. These power systems are also 
defined as home microgrid [2]. So far, a large number of DC 
electrical loads have applied in houses, such as lights and air 
conditioners. In addition, the power generated by photovoltaic 
(PV) systems has DC nature. DC-based microgrids can be 
better used in housing scenarios, which can improve energy 
efficiency and simplify power conversion [3]. In a DC home 
microgrid with heterogeneous sources and uncertain load 
demand, the home energy management system (HEMS) plays 
a significant role in optimizing energy usage to maximize the 
welfare through coordinated power supply from various energy 
resources and decision support for the customers’ demand [4]. 

Many existing works have studied the HEMS [5]–[7]. For 
example, the HEMS methods in [5]–[7] are proposed to 
optimize the energy usage and customers’ comfort level. 
However, these methods do not consider RESs. In [8], a HEMS 
that incorporates hybrid energy sources is designed for smart 
homes. The proposed method enables the development of 
optimal appliance scheduling to reduce the energy cost under 
various electric tariffs. A day-ahead optimization approach in 
[9] is developed to optimize the consumers’ economy and 
comfort levels. In [10], a hybrid energy management that 
includes day-ahead optimization and rule-based priority 
method is proposed to optimize the usages of appliances, 
electric vehicle and battery in a smart solar house. The research 
works in [8]–[10] are carried out on the premise that the 
prediction of RES generation is accurate. However, the 
uncertainty caused by weather conditions may decrease the 
predictive accuracy [11].  

Research works in [12]–[14] have taken the uncertainties into 
account in presented HEMS. However, these methods minimize 
electricity costs by hourly optimal load scheduling. The 
intermittent power generation of RES and the randomness of 
household load usage can lead to a power mismatch between 
hourly power scheduling and intra-hourly power usage. To 
overcome this drawback, some studies propose multi-level 
optimization framework [15]–[21]. For example, a two-layer 
robust optimization method in [15] is developed for multi-
energy building. The upper layer optimizes the operating cost 
and user comfort, while the lower layer dispatches various 
distributed resources. In [17], a two-level energy management 
based on model predictive control (MPC) is designed to 
generate the optimal load decisions and track power references 
for residential microgrids. An MPC-based multi-time scale 
energy management model is presented in [18] to minimize the 
energy cost for a smart PV system with a consideration of the 
forecasting error. In [20], a stochastic hierarchical energy 
management for a home microgrid with PV, battery and flexible 

A Multi-Level Home Energy Management 
System (HEMS) for DC-Microgrids 

  Xin Lin, Member, IEEE, Ramon Zamora, Senior Member, IEEE, Yazhou Jiang, Member, IEEE, 
Gang Chen, and Anurag K. Srivastava, Fellow, IEEE

R 

Xin Lin and Gang Chen are with the School of Mechanical and Electrical
Engineering, Sanming University, Sanming 365004, China (e-mail:
xin.lin@fjsmu.edu.cn and chengang@fjsmu.edu.cn). 

Ramon Zamora is with the Electrical and Electronic Engineering
Department, Auckland University of Technology, Auckland 1142, New
Zealand (e-mail: ramon.zamora@aut.ac.nz). 

Yazhou Jiang is with the Electrical & Computer Engineering Department, 
Clarkson University, Potsdam, NY 13699 USA (e-mail: yjiang@clarkson.edu).

Anurag K. Srivastava is with the Computer Science and Electrical
Engineering Department, West Virginia University, Morgantown, WV 26506-
6695 USA (e-mail: anurag.srivastava@mail.wvu.edu). 

This article has been accepted for publication in IEEE Transactions on Sustainable Energy. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TSTE.2025.3551682

© 2025 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: Auckland University of Technology. Downloaded on April 09,2025 at 23:12:03 UTC from IEEE Xplore.  Restrictions apply. 



> REPLACE THIS LINE WITH YOUR PAPER IDENTIFICATION NUMBER (DOUBLE-CLICK HERE TO EDIT) < 
 

2 

loads is proposed to minimize the energy tariff and mitigate the 
impact of the PV uncertainties. 

Research works in [15]–[21] can effectively reduce the 
energy bills. However, these studies only consider the low 
power density energy storage such as battery as an energy 
buffer, thereby increasing the power supply burden and 
shortening the cycle life of battery. Few works such as [22], [23] 
integrate supercapacitor (SC) into residential microgrids to 
compensate for high-frequency power to moderate the supply 
pressure of the battery, but these methods focus on the control 
design and ignore the economic benefits. Besides, the battery 
and SC degradation models are not completely considered. In 
[24] and [25] the multi-layer optimization methods are 
presented to minimize the operating cost. However, the 
proposed method only considers the SC component in the lower 
layer. This implies that the upper layer optimization will 
allocate more power to the battery and pass it to the lower-layer 
optimization as a reference, thereby increasing battery 
degradation cost. Furthermore, the proposed methods in [24] 
and [25] are not applied in the residential sector, thus failing to 
meet the user’s comfort requirements. In addition, studies in 
[16]–[18], [20] concentrate on optimizing power usage and 
neglecting the user comforts. In [15], [19], the research works 
only integrate thermal comfort and ignore visual comfort. Very 
few studies such as [9], [11], [21], consider visual comfort. 
However, these works do not satisfy the users’ requirement for 
visual comfort at different times. Moreover, the methods in [9], 
[11], [15], [19], [21] cannot reflect the consumer comfort level. 
In addition, the aforementioned methods focus on developing 
the optimization model but the interaction between control and 
optimization layers has not been fully discussed. Although a 
small number of HEMS, such as [26]–[28], consider local 
control systems, they fail to clarify the autonomous operation 
of system-level optimization in the event of a failure and plug-
and-play (PnP) operation. In addition, these methods only 
consider battery systems. 

According to the literature review, the shortcomings of the 
HEMS can be summarized as follows. 

a. The economic benefits of a HEMS composed of battery 
and SC have not yet been thoroughly studied. 

b. The current visual comfort models may not meet the user 
need at different times. In addition, the aforementioned 
methods cannot quantify the user comfort level. 

c. The current HEMS only considers economic 
optimization method, without involving local control 
method. Besides, the interaction between optimization 
and control methods has not been fully discussed. 

To address the issues above, this article proposes a multi-
level HEMS for a DC household microgrid that integrates 
battery and SC. The proposed HEMS encompasses both the 
system-level and local-level HEMS. The main contributions are 
summarized as follows: 

a. The system-level HEMS is an MPC-based multi-
timescale optimization framework, which consists of 
long-term (LT) and short-term (ST) optimizations. The 
LT is to minimize the operating costs (including energy 
cost, battery and SC degradation costs) and to maximize 
user comforts (including visual and thermal comforts). 
The ST layer is to track the optimal cost scheduling 

provided by the LT layer to reduce cost error, suppress 
the power oscillations caused by the randomness of user 
behavior and PV generation, and ensure the feasible SoC 
level of the SC.  

b. A visual comfort model is developed to meet the visual 
needs of occupants at different times. In addition, a 
discomfort model is designed to quantify the visual and 
thermal comfort ratings. 

c. In the local-level HEMS, a droop-based coordinated 
control is presented to achieve power sharing between 
batteries and SCs, as well as DC bus voltage regulation 
without additional voltage control strategies. Besides, an 
advanced voltage regulator is proposed to achieve 
accurate power sharing and state of charge (SoC) 
balancing between batteries. Besides, the interaction 
between system- and local-level is fully studied. 

The rest of this article is organized as follows. Section II 
presents the system configuration and model. Section III 
describes the system-level HEMS. Section IV presents the 
local-level HEMS. Simulation results are discussed in Section 
V. Finally, the conclusion and future trend is given in Section 
VI. 

II. SYSTEM CONFIGURATION AND MODEL 

A. System Configuration 

The equivalent structure of the proposed HEMS is shown in 
Fig. 1. The HEMS consists of a PV generation, household 
appliances, battery-SC hybrid energy storage systems (HESS). 
Furthermore, the large-capacity battery and SC are replaced by 
multiple small-capacity batteries and SCs. The reason is that if 
one of the batteries or SCs fails, the other batteries or SCs can 
still continue to supply power, ensuring the stability of the bus 
voltage. It should be noted that the total capacity does not 
change. The appliance in the house consists of controllable, 
fixed and elastic loads. The controllable load indicates the load 
operation is regulated by HEMS, which includes lighting and 
thermal loads. The fixed load requires the based energy supply 
such as refrigerators. The elastic load, such as television, is 
mainly controlled by the stochastic behavior of the occupant. 

In the initial stage, the system-level HEMS collects the 
relative data, such as real time price, weather conditions and 
forecasted hourly load profiles, etc. In system-level HEMS, the 
LT provides optimal decisions for household energy usage and 
user comfort based on the collected data. Then, the ST 
schedules power distribution based on the optimal decisions to 

 
Fig. 1.  The schematic diagram of the HEMS in DC house microgrid. 
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reduce cost errors, suppress power fluctuations generated by the 
random characteristics of PV and user behavior, and ensure the 
safety of the SoC of the SC. According to the power distribution 
scheme, the local-level HEMS determines the charging and 
discharging of the battery-SC systems, and the purchase/sale of 
the electricity from/to main grid. Furthermore, the local-level 
HEMS is capable of autonomously achieving power sharing, 
voltage and SoC regulation under conditions where the optimal 
power plan cannot be obtained from the system-level HEMS. 

B. Modelling of Visual Discomfort 

Visual comfort refers to the intensity of indoor light, which 
is usually expressed in illuminance. When the indoor 
illuminance is set by the user within a comfortable range, it will 
not cause discomfort. However, when the indoor illuminance is 
outside the set range, it will result in a discomfort effect. 
Generally, the indoor illuminance is produced by the lamps and 
the outdoor sunlight. The illuminance generated by lamps can 
be formulated as (1). 

ϕlamp(t) ൌ
Plamp(t) ൈ MF ൈ UF

At
(1) 

where ϕlamp(t)  and Plamp(t) are the lighting illuminance and 

lighting power at time t. At, MF and UF are the total surface 
area, maintenance factor and utilization factor, respectively. 
 The illuminance produced by outdoor sunlight can be 
expressed as (2) and (3). 

ϕo(t) ൌ (αo ൈ φs(t) ൅ βo) ൈ DF (2) 

DF ൌ
tw ൈ cw ൈ Aw ൈ θv ൈ ow

At ൈ (1 െ Ar
2)

(3) 

where ϕo(t)  and φs(t)  are indoor illuminance generated by 
outdoor sunlight and global horizontal irradiance at time t. αo  
and βo are the measured parameters that can be obtained from 
[29]. Considering that βo is small, hence, it is ignored in this 
article.  DF, Aw and Ar are the daylight factor, window area and 
average reflectance. θv, tw, cw and ow are the vertical angle of 
sky from the horizon, transmittance, correction and orientation 
factor for window. It should be considered that users have 
different visual comfort requirements at different times. During 
the daytime, users require higher visual illuminance to meet 
their daily work needs, while users need lower visual 
illuminance to satisfy their sleep demand at night time. 
Therefore, the indoor illuminance is written as (4) and (5). 

ϕin(t) ൌ ቊ
ϕlamp(t) ൅ ϕo(t), for ϕo(t) ൏ ϕd

0,                          for ϕo(t) ൒ ϕd

(4) 

ϕd ൌ ൞

ϕd
nt, for t ∈ ሾtsnt, tentሿ

ϕd
rt, for t ∈ ሾtsrt, tertሿ

0,   for ϕo(t) ൒ ϕd

(5) 

where ϕin(t) and ϕd are indoor illuminance at time t and desired 

illuminance. ϕd
dt and ϕd

nt are the desired illuminance for day time 
and night time. ts

dt, ts
nt, te

dt and te
nt are the start and end of normal 

time and rest time. Equation (4) represents that ϕo(t) is less than 
ϕd , then the lamps will be involved in the regulation of the 
indoor illuminance. In contrast, when ϕo(t) is greater than and 
equal to ϕd, the lamps stop working. 
 The occupant’s visual comfort is related to the indoor 
illuminance ϕin(t). To quantify visual comfort, an illuminance 

discomfort (IDC) index model is proposed, as shown in (6) and 
(7). 

JIDC(t) ൌ 1 െ (αIDCൈeϕIDC(t)൅βIDC) (6) 

ϕIDC(t) ൌ
หϕd െ ϕin(t)ห

∆ϕ
(7) 

where JIDC(t)  and ∆ϕ  are the IDC index cost function and 
deviation between the desired and marginal illuminance. 
ϕIDC(t), αIDC, and βIDC are the linking function and IDC factors. 
It can be observed from (6) and (7) that if ϕin(t) reaches the 
desired illuminance ϕd pre-specified by occupant, the IDC level 
for occupant is the lowest level that can be defined as 0. If ϕin(t) 
reaches the preset illuminance margin, it will cause the highest 
IDC to user, its value is defined as 1. By considering these two 
conditions, αIDC and βIDC are calculated as -0.5820 and 1.5820. 

The visual comfort requires the reasonable assumptions, 
which can be summarized as follows: 

 The indoor illuminance is evenly distributed inside the 
house, which can be considered as the average indoor 
illuminance. 

 The lamps are engaged only when the room 
illuminance is below the pre-specified reference. 

 At night time, the indoor illuminance is only provided 
by lamps, and the poor illuminance generated by 
moonlight is ignored. 

C. Modelling of Thermal Discomfort 

Thermal comfort refers to the occupant’s satisfaction with 
the current thermal environment, which has a significant impact 
on the user’s health. Low thermal comfort causes overcooling 
or overheating of the environment, which can lead to 
discomfort to customers. Based on the previous work in [30], a 
discrete thermal dynamic model is written as (8). 

Tin(t൅1) ൌ Tin(t)ൈ ൤1 െ
∆t

cin
ൈ (

1

rir
൅

1

ria
൅

1

riw
൅

1

rim
൅

1

rdh
)൨ ൅

∆t

cin
 

           ൈ ൤
Tr(t)

rir
൅

Tw(t)

riw
൅

Tm(t)

rim
൅ (1 െ ρ)ൈAw ൈ φs(t) 

൅
Ta(t)

ria
൅

Tdh(t)

rdh
൅ δ ൈ PCAC(t)ቃ                (8)

where Tin(t) , Tr(t) , Tw(t) , Tm(t) , Ta(t)  and Tdh(t)  are the 
temperature of the indoor, house roof, exterior wall, inner wall, 
ambient and temperature caused by humidity. rir , ria , riw, rim 
and rdh  are the thermal resistances in the house. cin  is the 
capacity of the indoor air. ρ and ∆t are the proportion of the 
solar radiation acting on the inner wall and time interval. 
PCAC(t) is the output of the central air conditioning. δ is the 
switching factor, which is equal to -1 in summer and 1 in winter. 
 The customer’s thermal comfort is directly regulated by the 
indoor temperature. If Tin(t)  satisfies the pre-defined 
temperature, the thermal discomfort of occupant reaches the 
lowest level. On the contrary, if Tin(t) is far deviated from the 
setpoint temperature and reaches the boundary temperature, the 
thermal discomfort of occupant will be at the highest level. 
Then, a thermal discomfort (TDC) index model is proposed to 
quantify the thermal comfort, as shown in (9) and (10). 

JTDC(t) ൌ 1 െ (αTDCൈeTTDC(t)൅βTDC) (9) 

TTDC(t) ൌ
|Td െ Tin(t)|

∆T
(10) 
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where Td , JTDC(t) and ∆T are the desired indoor temperature, 
TDC index cost function and deviation between the desired and 
marginal temperature. TTDC(t), αTDC and βTDC are the linking 
function and TDC factors. Here, αTDC and βTDC are chosen to 
have the same value as in Section II-B. 

D. Modelling of SC Degradation 

SC is a high-power density energy storage with high lifetime 
and fast response characteristics. Therefore, SC is usually 
applied to provide transient power, thereby reducing the power 
supply burden of the battery. 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. In general, SC degradation is impacted by 
temperature and voltage [31]. The lifespan of the SC under 
extreme operating conditions such as under maximum 
temperature is greatly reduced. It can be assumed that the SC is 
operated at an ambient temperature in the house, so it can reach 
the pre-specified lifecycle provided by the manufacturer. In 
addition, the research work in [32] shows that the increase of 
charging and discharging current increases the aging rate of SC. 
This means that the SC power needs to be considered in the 
wearing model. Based on these conditions, the wear cost of 
energy per unit (kWh) for SC can be expressed as (11). 

Jsc(t) ൌ
ρsc

2ൈζscൈQsc

(11) 

where ρsc, Qsc, Psc(t) and ζsc are the price, capacity, power and 
total lifecycle of the SC, respectively. To calculate the total 
wear cost, equation (11) needs to be multiplied by the energy 
released or absorbed by SC, which can be written as (12). 

Jsc(t) ൌ
ρsc

2ൈζscൈQsc

ൈPsc(t)ൈ∆t (12) 

where ∆t is the time interval. It should be noted that the house 
is equipped with multiple SCs, and the SC capacity Qsc can be 
further expressed as (13). 

Qsc ൌ ෍ Qsc, n

N

nൌ1

(13) 

where Qsc, n is the capacity of the nth SC. N is the total number 

of the SC.  

E. Modelling of Battery Degradation 

The battery degradation model reflects the degradation 
process during operation, which is directly related to the 
operating cost of HEMS. The total degradation cost model for 
battery during operation is written as (14). 

Jb(t) ൌ
ρb

QbൈDoDb(t)ൈζb(t)ൈඥμ
ൈPb(t)ൈ∆t (14) 

where Jb(t), ρb and µ are the degradation cost, replacement cost 
and energy conversion efficiency. Pb(t), Qb, DoDb(t) and ζb(t) 
are the battery output power, capacity, depth of discharge (DOD) 
and lifetime. The battery lifetime ζb(t) is a curve fitting function, 
which can be written as (15). 

ζb(t) ൌ αbൈDoDb(t)ିβbൈeିγbൈDoDb(t) (15) 
where αb , βb  and γb  are the curve-fitting coefficients for 
lifetime function. DoDb(t) is the ratio of the energy exported by 
the battery to its total capacity, as shown in (16). 

DoDb(t) ൌ
Pb(t)ൈ∆t

Qb

. (16) 

 Similar to SC, the house contains multiple battery units. 
Hence, the battery capacity Qb can be presented as (17). 

Qb ൌ ෍ Qb, n

N

nൌ1

(17) 

where  Qb, n is the capacity of the nth battery.  

F. Modelling of PV and Utility Cost 

PV generation has the wear and tear during its operation, so 
HEMS should take into account the degradation cost of PV. The 
degradation cost of PV is the ratio between the investment cost 
and the service life, as shown in (18). 

JPV ൌ
ρPV

24ൈ365ൈnyr
(18) 

where JPV, ρPV and nyr are the PV hourly cost, investment cost 
and guaranteed years. It can be observed that (18) refers to the 
fixed degradation cost per hour of PV usage. The main grid 
electricity cost is written as (19) and (20). 

Jg(t) ൌ Pg(t)ൈδdൈρpr(t)ൈ∆t (19) 

δd ൌ ቊ
δd

p, for Pg(t) ൒ 0
δd

s , for Pg(t) ൏ 0
(20) 

where ηpr(t) and Pg(t) are the hourly electricity price and grid 

power at time t. δd  is the discount rate. δd
p  and δd

s  are the 
purchase and sale discount rate. 

G. Modelling of PV and Load Forecasting Error 

Due to the randomness nature of PV generation and elastic 
load usage, the deviation may appear between hourly 
forecasting power and intra-hourly power usage. Then, a 
stochastic forecasting error is written as (21). 

Px
ε(t) ൌ (1േε)ൈPx

hr(t) (21) 
where Px

ε(t)  and Px
hr(t)  are the power with error and hourly 

power at time t. ε is error coefficient that is between 0 and 1. 
Specifically, x = LD denotes the load, while x = PV denotes the 
PV component. 

III. PROPOSED SYSTEM-LEVEL HEMS 

The system-level HEMS consists of MPC-based LT and ST 
optimization. LT is designed to minimize the operating cost, 
maintain user comfort and schedule power dispatch based on 
hourly forecasted data. ST layer is developed to track the 
optimal cost scheduling to reduce cost deviation, eliminate the 
power fluctuations, and maintain the feasible SoC level of the 
SC. 

A. Modelling of Operation Constraints 

The power balance constraint for LT and ST layers can be 
written as (22). 

PLD(t) ൅ Plamp(t) ൅ PCAC(t)                                               
ൌ Pg(t) ൅ PPV(t) ൅ Pb(t) ൅ Psc(t) (22) 

where PPV(t) and PLD(t) are the PV power and load demand 
including fixed and elastic loads at time t. 

The SoC variation models of the battery and SC can be 
expressed as (23) and (25). 
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SoCE(t ൅ 1) ൌ SoCE(t) െ
ηE

c ൈ PE(t)ൈ∆t

QE

, for PE(t) ൑ 0 (23) 

SoCE(t ൅ 1) ൌ SoCE(t) െ
PE(t) ൈ ∆t

QE ൈ ηE
d , for PE(t) ൐ 0 (24) 

SoCE(t) ൌ
∑ SoCE, n(t)N

nൌ1

N
(25) 

where SoCE(t)  is the average SoC of energy storage, 
respectively. SoCE, n(t) is the SoC of the nth energy storage. ηE

c  
and ηE

d  are the charging and discharging coefficients of energy 
storage. Specifically, E = b denotes the battery, while E = SC 
denotes the SC component. The SoC and power constraints of 
the battery and SC can be written as (26) and (27). 

SoCE
min ൑ SoCE(t) ൑ SoCE

max (26) 
PE

min ൑ PE(t) ൑ PE
max (27) 

where SoCE
min , PE

min , SoCE
max  and PE

max  are the minimum and 
maximum SoC and power of the energy storage. 

The power constraints of the grid, lighting and CAC are 
given in (28) – (30). 

Pg
min ൑ Pg(t) ൑ Pg

max (28) 

Plamp
min ൑ Plamp(t) ൑ Plamp

max (29) 

PCAC
min ൑ PCAC(t) ൑ PCAC

max (30) 
where Pg

min , Plamp
min , PCAC

min , Pg
max , Plamp

max  and PCAC
max  are minimum 

and maximum power of the grid, lighting and CAC. The 
temperature and illuminance constraints are expressed by (31) 
and (32). 

Tin
min ൑ Tin(t) ൑ Tin

max (31) 
ϕin

min ൑ ϕin(t) ൑ ϕin
max (32) 

where ϕin
min , Tin

min , ϕin
max  and Tin

max  are the minimum and 
maximum illuminance and temperature. 
 

 

B. Formulation of Optimization Problem 

The objective function of LT layer considering the indoor 
comfort and the degradation cost model of battery and SC is 
proposed to reduce the operating cost and maintain the occupant 
comfort. It can be expressed as (33) – (35). 

Min J୐୘ ൌ J୐୘, 1 ൅ J୐୘, 2 (33) 

J୐୘, 1 ൌ ෍ ሾwvisൈJIDC(tLT)

TLT

tLTୀ1

൅ wtherൈJTDC(tLT)ሾ (34) 

J୐୘, 2 ൌ JPV൅ ෍ ሾwscൈJsc(tLT)൅wbൈJb(tLT)൅wgൈJg(tLT)ሿ

TLT

tLTୀ1

(35) 

subject to the system models and constraints in (1) – (20) and 
(22) – (33). The control variables are Plamp(tLT), PCAC(tLT), 
Psc(tLT), Pb(tLT) and Pg(tLT). TLT is the predictive horizon for 
LT optimization. wvis , wther , wsc , wb  and wg  are the weight 
coefficients. tLT is the long-term index. It should be noted that 
the SC has low-capacity nature, its degradation cost still needs 
to be considered in LT layer. In addition, the output power of 
the SC indicates the average power in hourly load scheduling, 
it may frequently change within an hour. 
 The objective function of ST layer is written as (36) – (42). 

Min JST ൌ JS୘, 1 ൅ JS୘, 2 ൅ JS୘, 3 ൅ JS୘, 4 ൅ JS୘, 5 (36) 

JST, 1 ൌ ෍ ቂ(Plamp(tLT)ൈ∆tLT െ Plamp(tST)ൈ∆tST)ൈρpr(tST)ቃ
2

TST

tSTୀ1

 

(37) 

JST, 2 ൌ ෍ ቂ(PCAC(tLT)ൈ∆tLT െ PCAC(tST)ൈ∆tST)ൈρpr(tST)ቃ
2

TST

tSTୀ1

 

(38) 

JST, 3 ൌ ෍ ൣJg(tLT) െ Jg(tST)൧
2

TST

tSTୀ1

(39) 

JST, 4 ൌ ෍ ሾJb(tLT) െ Jb(tST)ሿ2

TST

tSTୀ1

(40) 

JST, 5 ൌ ෍ Jsc(tST)

TST

tSTୀ1

൅ ෍ ሾSoCsc
r െ SoCsc(tST)ሿ2

TST

tSTୀTST

(41) 

TST ൌ
∆tLT

∆tST
. (42) 

subject to the system models and constraints in (1) – (32). tST is 
short-term index. ∆tLT  and ∆tST  are long- and short-term 
interval. TST  is the predictive horizon for LT optimization. 
SoCsc

r  and SoCsc(tST) are the SC’s SoC reference and SoC level 
at time tST. Equations (37) – (40) indicates the minimization of 
the cost error between LT and ST layers. The second term of 
(41) is the SoC restoration method of the SC that is applied in 
the terminal time of the predictive horizon. Equation (42) is the 
relationship between the predictive horizon of the ST layer and 
time interval of the LT layer. Due to the nonlinear natures of 
the occupant discomfort and battery degradation models, the 
formulated problem in the LT and ST layers is a nonlinear 
programming that is addressed by the solver “FMINCON” in 
optimization tool box provided by MATLAB/Simulink. 

Algorithm 1: MPC-based multi-timescale optimization 
1. Load the dataset 
2. Initialize system states 
3. For tLT ൌ 1:TLT

 opt 
4.      Import data: 

         ቂPLD(tLT), PPV(tLT), ρpr(tLT), φs(tLT), Ta(tLT), Tdh(tLT)ቃ
tLT

tLTାTLT
 

5.      Solve problem (33) – (35) 
6.      Obtain optimal control sequence and states: 

         ൣPlamp
opt (tLT), PCAC

opt (tLT), Psc
opt(tLT), Pb

opt(tLT), Pg
opt(tLT) ൧

tLT

tLTାTLT
 

         ൣSoCb
opt(tLT), SoCsc

opt(tLT), ϕin
opt(tLT), Tin

opt(tLT)൧
tLT

tLTାTLT
 

7.    Apply first group control signal and states in the ST layer 
8.    For tST ൌ 1:TST

 opt 
9.         Import data and states: 

            ቂPLD(tST), PPV(tST), ρpr(tST), φs(tST), Ta(tST), Tdh(tST)ቃ
tST

tSTାTST
 

            ൣSoCb(tST), SoCsc(tST), ϕin(tST), Tin(tST)൧
tST

tSTାTST 

10.       Solve problem (36) – (42) 
11.       Obtain optimal control sequence and states: 

            ൣPlamp
opt (tST), PCAC

opt (tST), Psc
opt(tST), Pb

opt(tST), Pg
opt(tST) ൧

tST

tSTାTST
 

            ൣSoCb
opt(tST), SoCsc

opt(tST), ϕin
opt(tST), Tin

opt(tST)൧
tST

tSTାTST
 

12.       Update first group optimal states in the step 9 
13.       Apply first group control signal in local-level HEMS 
14.    End for 
15.    Update optimal states in the LT layer: 
         ൣSoCb

opt(tST), SoCsc
opt(tST), ϕin

opt(tST), Tin
opt(tST)൧

tSTୀTST
 opt 

16. End for 
Note: the superscript “opt” represents the optimal solution. 
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 The proposed MPC-based multi-timescale optimization is 
presented in Algorithm 1. The LT layer is to minimize the 
operating cost and occupant’s discomfort, and deliver the 
optimal decisions to ST layer as references. Considering PV 
predicted error and load oscillation, the ST layer runs the 
optimization process and generate the optimal power variables. 
Then, the LT layer updates the states of the energy storage and 
indoor environment, and the optimization process enters the 
next time interval tLT+1. The operating process is summarized 
as follow: 
 It firstly defines the optimization horizon ( TLT

 opt ) and 
imports the data with a predicted horizon of TLT.  

 The objective function (33) – (35) in LT layer is solved to 

get the control sequence ൣPlamp
opt (tLT), PCAC

opt (tLT), Psc
opt(tLT), 

Pb
opt(tLT), Pg

opt(tLT) ൧
tLT

tLTାTLT
 and system state sequence 

ൣSoCb
opt(tST), SoCsc

opt(tST), ϕin
opt(tST), Tin

opt(tST)൧
tST

tSTାTST
. Only 

the control signal and system state of first time in 
sequence is selected as the reference value and initial 
states for the ST layer.  

 The ST layer imports the data with the stochastic error at 
a predicted horizon TST. The function (36) – (42) will be 

solved to get the control sequence ൣPlamp
opt (tST), PCAC

opt (tST), 

Psc
opt(tST), Pb

opt(tST), Pg
opt(tST) ൧

tST

tSTାTST
 and state sequence 

ൣSoCb
opt(tST), SoCsc

opt(tST), ϕin
opt(tST), Tin

opt(tST)൧
tST

tSTାTST
. The 

first set of control signals and states in the optimal 
sequence are selected to apply to the reference of the 
local-level HEMS and to update the states of the ST layers.  

 The ST layer will complete the optimization task with 
time horizon [tST, tST ൅ TST]. The system state at the end 

time TST
 opt updates the system state of the LT layer. Then, 

the LT layer will move to the next time. 

IV. PROPOSED LOCAL-LEVEL HEMS 

The local-level HEMS regulates the power supply of the 
main grid, battery and SC according to the power reference 
signal from the system-level HEMS. In our previous work [33], 
a comprehensive control is proposed for DC microgrid. 
However, the proposed method does not show the interaction 
between control and optimization layers. In addition, the 
control parameters design of the consensus-based voltage 
regulator may have potential conflicts. By extending the work 
in [33], a coordinated droop control and advanced voltage 
regulator is proposed for battery and SC system in the local-
level HEMS. 

A. Modelling of Coordinated Droop Control  

The coordinated droop control consists of v-dP and v-P droop 
methods, which can achieve power-sharing between battery and 
SC, maintain bus voltage without extra voltage recovery loop 
and restore SC voltage to the set point. A modified v-dP droop 
control is given in (43) – (44). 

Pb, n ൌ Pb, n
ref ൅

vr െ vb, n

kb ൈ s
 (43) 

 

Pb, n
ref ൌ

Pb(tST)

N
(44) 

where kb, vr  and vb, n are the droop coefficient, reference and 
output voltage of the nth battery converter, (n = 1, 2, …, N). Pb, n 

is the output power of the battery converter. Pb, n
ref  is the 

reference power. Equation (44) indicates that Pb(tST) will be 
equally distributed among the number of N battery converters. 
A v-P control with SC voltage recovery is written as (45) -(47). 

vsc, n ൌ vr െ ksc ൈ (Psc, n  െ  Psc, n
ref ) െ δvsc, n  (45) 

δvsc, nൌ (ksc, n
 p ൅ ksc, n

i 1

s
) ൈ  (vsc, n

r െ vsc, n
in ) (46) 

Psc, n
ref ൌ

Psc(tST)

N
(47) 

where ksc, vsc, n and Psc, n are the droop coefficient, the output 

voltage and power of the nth SC converter, respectively. Psc, n
ref  is 

the reference power. δvsc, n is the SC voltage recovery method. 
vsc, n

r  and vsc, n
in  are the reference and measured voltage for the SC. 

ksc, n
 p  and ksc, n

i  are the control parameters. Equation (47) means 
that Psc(tST) will be equally distributed among the number of N 
SC converters. It should be noted the detail of bus voltage 
recovery method can be found in  [33]. 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. 

B. Modelling of Advanced Voltage Regulator 

The proposed advanced voltage regulator is defined by (48) 
– (50). 

Pb, n ൌ Pb, n
ref ൅

vr െ vb, n ൅ δvn

kb ൈ s
(48) 

δv n ൌ ൣPr, n
p.u.(k +1)൅δvSoC, n െ Pb, n

p.u.൧ ൈ (kacc., n
 p ൅ kacc., n

i 1

s
)  (49) 

δvSoC, n ൌ ൣSoCb, n
m െ SoCb, n

r (k+1)൧ ൈ (kSoC, n
 p ൅ kSoC, n

i 1

s
)  (50) 

where δv n is the voltage compensation term. δvSoC, n is the SoC 
balance term. Pr, n

p.u.(k+1) and Pb, n
p.u. are the reference and output 

power in per unit for battery. kacc., n
 p  and kacc., n

i  are the accurate 
power control parameters. SoCb, n

r (k+1)  and SoCb, n
m  are the 

average and measured SoC of the nth battery. kSoC, n
 p  and  kSoC, n

i  
are the SoC balance control parameters. Then, Pr, n

p.u.(k+1) and 
SoCb, n

r (k+1) can be obtained by (51) – (53). 

Pr, n
p.u.(k+1) ൌ Pr, n

p.u.(0) +ε ෍ δacc., nj(k+1)
j∈Nn

(51) 

δacc., nj(k+1) ൌ δacc., nj(k)+aacc., nj ൣPr, j
p.u.(k) െ Pr, n

p.u.(k)൧ (52) 

SoCb, n
r (k+1) ൌ SoCb, n

r (0) +ε ෍ δSoC, nj(k+1)
j∈Nn

(53) 

δSoC, nj(k+1) ൌ δSoC, nj(k) + aSoC, nj ൣSoCb, j
r (k) െ SoCb, n

r (k)൧ (54) 

 
Fig. 2.  The schematic diagram of the control circuit. 
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where SoCb, j
r (0) is the initial SoC level. Pr, j

p.u.(0) is the initial 
output power of the battery converter. δacc., nj(k) and δSoC, nj(k) 
are the variables that store the cumulative difference between 
agents n and j for power-sharing and SoC balance. aacc., nj and  
aSoC, nj  are the connection state between agents n and j for 
power-sharing and SoC balance. ε can adjust the convergence 
speed, which can be calculated by (55). 

ε ൌ
2

β1(L) ൅ βNି1(L)
(55) 

where βn(∙) is the nth largest eigenvalue of the symmetric matrix. 
L is the Laplacian matrix. Due to the small space of the house, 
communication delay is not considered.  

The control principle is that if the average power in the 
accurate power sharing control is greater than the output power 
of the battery, the accurate power sharing control will generate 
a positive feedback voltage signal to increase the reference 
voltage value, so that the output power of the battery will 
increase. On the contrary, if the average power is less than the 
battery power, then the accurate power sharing method will 
send a negative feedback voltage signal to decrease the 
reference voltage of the control system, thereby reducing the 
output power of the battery. Therefore, accurate power sharing 
among batteries can be achieved. In the SoC balancing control, 
if the measured SoC is greater than average SoC obtained by 
the consensus algorithm, SoC balancing control then will send 
a positive power signal to increase the reference power in the 
accurate power-sharing control. Then the output of the battery 
is increased, and vice-versa. Hence, the SoC balance can be 
completed. The schematic diagram of the control circuit is 
shown in Fig. 2. The stability analysis of the control system is 
analyzed by root locus method. In addition, the control methods 
of the grid-connected mode and PV are traditional droop and 
power tracking controls. 

C. System Stability Analysis 

A common issue is that the control system might experience 
potential stability degradation due to the interaction between 
interconnected converters. Therefore, the control parameters 
need to be meticulously designed to ensure the stable operation 
of the system. In the proposed method, the SC converter uses 
the outer voltage and inner current control loops, while the 
battery converter only employs constant current control. The 
schematic diagram of the equivalent control circuit for the 
battery and SC is shown in Fig. 3. The control parameters can 
be calculated by using (56) based on [34].  

kx
vp ൌ

ωx,vCx

1 െ D
  kx

cp ൌ
ωx,cLx

vr

kx
vi ൌ

ηωx,v
2 Cx

1 െ D
kx

ci ൌ
ηωx,c

2 Lx

vr

ሺ56ሻ 

where kx
vp , kx

cp , kx
vi , and kx

ci  are the proportional and integral 
parameters for the voltage and current control loop, respectively. 
It should be noted that x ൌ b presents the battery, and x ൌ sc 
denotes the SC component. ωx,v  and ωx,c  are the control 
bandwidth of the voltage and current loops. η and D are the 
proportional coefficient and steady state value of the duty cycle. 
Lx  and Cx  are the filter inductor and filter capacitor, 
respectively. It is worthy noted that the dynamic response of the 
SC is much faster than the response speed of the battery. 
Therefore, the current control bandwidth of the battery is 
smaller than the bandwidths of the SC. 

According to Fig. 3, the small signal model of the output 
impedance of the SC converter can be obtained from (57). 

zsc ൌ െ
vොsc

iመsc
ൌ

b12s2 ൅ b11s ൅ b10

a13s3 ൅ a12s2 ൅ a11s ൅ a10
(57) 

where a13 ൌ Csc; a12 ൌ ksc
vp(1 െ D)ሾ1 െ ksc

p (1 െ D)ሿ; a11 ൌ
ksc

vi(1 െ D) െ (ksc
i ksc

vp ൅ ksc
p ksc

vi)(1 െ D)2; a10 ൌ െksc
viksc

i (1 െ D)2; 
b12 ൌ kscksc

vpvsc
in ൅ 1; b11 ൌ kscksc

vivsc
in; b10 ൌ 0. 

Similarly, the small-signal model of the output impedance 
of the battery converter is given by (58). 

zb ൌ െ
vොb

iመb
 

   ൌ
b26s6 ൅ b25s5 ൅ b24s4 ൅ b23s3 ൅ b22s2 ൅ b21s ൅ b20

a27s7 ൅ a26s6 ൅ a25s5 ൅ a24s4 ൅ a23s3 ൅ a22s2 ൅ a21s ൅ a20
 

(58) 

where a27 ൌ LbQbRCbkbPmax(vb
in)

2
;a26 ൌ QbRCbkbkb

cpPmax 

(vb
in)

2
vr; a25 ൌ QbRCbkbkb

ciPmax(vb
in)

2
vr; a24 ൌ Qb(1 െ D)kb

cpvb
in 

(RPmaxvr െ 2kacc.
p vr

2) ; a23 ൌ (1 െ D)ሾ2kacc.
p vr

2(kb
cpkSoC

p Pmax െ
Qbkb

civb
in) െ QbPmaxvb

in(2kacc.
i kb

cpvr
2 െ Rkb

civr)ሿ ; a22 ൌ 2(1 െ

D)vr
2(kacc.

i kb
cpkSoC

p Pmax െ Qbkacc.
i kb

civb
in ൅ Qbkacc.

p kb
cikSoC

p Pmax ൅

Qbkacc.
p kb

cpkSoC
i Pmax) ; a21 ൌ 2(1 െ D)Pmaxvr

2ሾkacc.
i (kb

cikSoC
p ൅

kb
cpkSoC

i )൅kacc.
p kb

cikSoC
i ሿ; a20 ൌ 2(1 െ D)kacc.

i Pmaxvr
2kb

cikSoC
i ; b26 ൌ

LbQbRkbPmax(vb
in)

2
; b25 ൌ QbRkbkb

cpPmax(vb
in)

2
vr ; b24 ൌ

QbRkbkb
ciPmax(vb

in)
2
vr; b23 ൌ b22 ൌ b21 ൌ b20 ൌ 0. 

The total output impedance can be written as (59). 

zo ൌ
zsczb

zsc ൅ zb
(59) 

Then, substituting (57) and (58) into (59), the characteristics 
function of the control system is given as (60). 
a8s8 ൅ a7s7 ൅ a6s6 ൅ a5s5 ൅ a4s4 ൅ a3s3 ൅ a2s2 ൅ a1s ൅ a0 ൌ 0 

(60) 

where a8 ൌ LbQbRPmaxkb(vb
in)

2
[Cb(1 ൅ kscksc

vpvsc
in) ൅ Csc]; 

a7 ൌ QbRPmax(vb
in)

2
kbሼCbkb

cpvr(1 ൅ kscksc
vpvsc

in) ൅ Lb(1 െ D)ksc
vp[1 

െ(1 െ D)ksc
p ] ൅ Csckb

cpvr ൅ LbCbkscksc
vivsc

inሽ; 

a6 ൌ QbR(vb
in)

2
kbPmaxሼkb

civr(Cb ൅ Csc) ൅ (1 െ D)(kb
cpksc

vpvr ൅ Lb 

kbksc
i ) െ (1 െ D)2ሾ(Lb(ksc

i ksc
vp ൅ ksc

p ksc
vi) ൅ kb

cpksc
p ksc

vpvr)ሿ ൅ Cbkscvr 
vsc

in(kb
ciksc

vp ൅ kb
cpksc

vi)ሽ;  
a5 ൌ Qb(1 െ D)vb

invr[Rkb
cpPmax(1 ൅ kbksc

vivb
in ൅ kscksc

vpvsc
in) െ 2kb

cp 

 
Fig. 3. The schematic diagram of the equivalent control circuit: (a) Battery
converter control, and (b) SC converter control. 
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kacc.

p (vr ൅ kscksc
vpPmaxvb

invsc
in) ൅ Rkbkb

ciksc
vpPmaxvb

in] െ Qb(vb
in)

2
Pmax 

Rkbሼ(1 െ D)2[ksc
vi(Lbksc

i ൅ kb
cpksc

p vr) ൅ ksc
vpvr(kb

ciksc
p ൅ kb

cpksc
i )] ൅

Cbkb
cikscksc

vivrvsc
inሽ; 

a4 ൌ (1 െ D)ሼ2kacc.
p kb

cpPmaxvr
2 െ Qbvb

invrሾ2(kacc.
i kb

cp ൅ kacc.
p kb

civr) 

െRkb
ciPmax(1 ൅ kbksc

vivb
in)ሿ െ 2Qbkscvr

2vsc
in[kacc.

p vb
in(kb

ciksc
vp ൅ kb

cpksc
vi) 

൅kb
cpksc

vp(kacc.
i vb

in െ kacc.
p kSoC

p Pmax)] ൅ QbRPmaxvb
invrvsc

inksc(kb
ciksc

vp 

൅kb
cpksc

vi)ሽ െ (1 െ D)2QbRkbPmax(vb
in)

2
vr(kb

ciksc
i ksc

vp ൅ kb
ciksc

p ksc
vi ൅

kb
cpksc

i ksc
vi); 

a3 ൌ Qb(1 െ D)ሼ2Pmaxvr
2kacc.

p (kb
cikSoC

p ൅ kb
cpkSoC

i )(1 ൅ kscksc
vpvsc

in) 

൅2Pmaxvr
2kb

cpkscvsc
in(kacc.

i ksc
vpkSoC

p ൅ kacc.
p ksc

vikSoC
p ൅ kacc.

p ksc
vpkSoC

i ) െ 
kscvb

invr
2vsc

in(kacc.
i kb

ciksc
vp ൅ kacc.

i kb
cpksc

vi ൅ kacc.
p kb

ciksc
vi) െ kb

civb
invr[2kacc.

i  
vr ൅ R(1 െ D)kbksc

i ksc
viPmaxvb

in െ Rkscksc
viPmaxvsc

inሿሽ; 
a2 ൌ 2(1 െ D)vr

2ሾPmaxkSoC
i (kacc.

i kb
cp ൅ kacc.

p kb
ci) ൅ kacc.

i kb
cpkscPmax 

vsc
in(ksc

vikSoC
p ൅ ksc

vpkSoC
i ൅ ksc

vikSoC
i ) ൅ kacc.

p kb
cikscPmaxvsc

in(ksc
vikSoC

p ൅
ksc

vpkSoC
i ) ൅ kacc.

i kb
ci(PmaxkSoC

p െ Qbkscksc
vivb

invsc
in ൅ Pmaxkscksc

vpkSoC
p )ሿ; 

a1 ൌ 2(1 െ D)kb
ciPmaxvr

2ሾkSoC
i (kacc.

i ൅ kacc.
p kscksc

vivsc
in) ൅ kacc.

i kscvsc
in 

(ksc
vikSoC

p ൅ ksc
vpkSoC

i ൅ ksc
vikSoC

i )ሿ; 
a0 ൌ 2(1 െ D)kacc.

i kb
cikscksc

vikSoC
i Pmaxvr

2vsc
in. 

According to (58), the analysis of system stability can be 
conducted by observing the location of the dominant pole in the 
root locus plot. Subsequently, control parameters should be 
suitably selected to guarantee the controller’s performance and 
the system’s safe operation. From Fig. 4(a), it can be observed 
that there are eight eigenvalues. Among them, three eigenvalues 
(p6, p7, and p8) are far from the right half of the S-plane and 
therefore do not play a dominant role. As ksc and kb vary within 
the specified range, p1 is located on the left half of the S-plane. 
This means that the stability of the control system can be 
ensured. Furthermore, p4 moves to the left side. This indicates 
that the stability of the system gradually improves. Although p2, 
p3, and p5 all move forward to the left, they are still within the 
left half-plane. Therefore, the control system can continuously 
operate stably. Similarly, as can be seen from Fig. 4(b) to 4(d), 
with the change of control parameters, the main eigenvalues are 
located on the left side of the S-plane, thereby eliminating the 
instability of the control system. 

V. SIMULATION RESULTS 

A. Simulation Setup 

To verify the performance of the proposed model, the 
processor in the loop (PIL) simulation platform including a host 
PC and microcontroller (MC), is established, as illustrated in 
the Fig. 5. The system-level HEMS operates on the host PC to 
generate the optimal power scheduling plan. The plan is sent to 
the system-level HEMS installed in the MC through a 
communication link. Subsequently, the MC transmits control 
signals to adjust the power output of the controlled target. 
Finally, the system-level HEMS will update the system status. 
The model of the MC is STM32F429ZIT6. Then, the HEMS 
environment includes the summer and winter days. The public 
datasets including hourly electricity tariff,  weather, fixed and 
elastic loads are obtained from National Renewable Energy Lab 
and Ameren Illinois Power Company to verify the proposed 
method [35], [36]. The equivalent structure of the house DC 
microgrid is shown in Fig. 1, which contains a PV generation, 

 
Fig. 4. Root locus diagram: (a) ksc is between 0.0015 and 0.01 V/W, while kb is
between 0 and 0.008 V/W, (b) kSoC

p  is between 1 and 5, while kSoC
i  is between

0.0006 and 0.0031, (c) kacc.
p  is between 10 and 100, while kacc.

i  is between 6.2832
and 62.832, and (d) ksc.

p  is between 0.03 and 0.3, while kacc.
i  is between 0.00018

and 0.0018. 

 
Fig. 5. The PIL simulation platform. 

 
TABLE I [4], [11], [20], [24] 

PARAMETERS FOR MULTI-LEVEL HEMS 

Parameters settings for visual comfort 
Plamp

max  Plamp
min  MF UF At αo 

1.2 kW 0 kW 0.9 0.9 268 m2 110 
tw cw Aw θv ow Ar 
0.9 0.5 5 m2 90° 1 0.3 

Parameters settings for thermal comfort 
PCAC

max  PCAC
min  rir ria riw rim 

5 kW 0 kW 
8.557 ℃/k

W 
99.106 
℃/kW 

98.940 
℃/kW 

52.263 
℃/kW 

rdh cin ρ - - - 
98.378 
℃/kW 

9.984 
kWh/℃ 

0.6 - - - 

Parameters settings for battery degradation 
ρb Qb μ Pb

max Pb
min SoCb

max 
600 $ 12 kWh 0.98 4 kW -4 kW 90 % 

SoCb
min αb βb γb ηb

c , ηb
d - 

10 % 4980 1.98 0.016 0.98 - 
Parameters settings for SC degradation 

ρsc ζsc Qsc Psc
max Psc

min SoCsc
max 

2400 $ 50000 3 kWh 10 kW -10 kW 90 % 

SoCsc
min ηsc

c , ηsc
d  - - - - 

10 % 0.98 - - - - 
Parameters settings for grid and PV 

Pg
max Pg

min ρPV nyr - - 
5 kW -5 kW 6220 $ 25 - - 

Parameters settings for controls and DC/DC converters 
v

b

in, v
SC

in Cb, Csc Lb, Lsc kb ksc ksc
 p  

150 V 200 μF 3 mH 
0.0016 
V/W 

0.01 
V/W 

0.1 

ksc
i  vsc

r  kacc.
 p  kacc.

i  kSoC
 p  kSoC

i  
0.0016 75 V 50 31.4159 3 0.0002 

Rb,1
L , Rsc,1

L  Rb,2
L , Rsc,2

L  Rb,2
L , Rsc,2

L  vr ksc
vp ksc

vi  
0.01 Ω 0.02 Ω 0.03 Ω 220 V 0.3949 24.8150 

ksc
cp ksc

ci  kb
cp kb

ci - - 
0.0286 17.9447 0.0143 4.4862 - - 
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three batteries, three SCs, and house loads. The desired indoor 
illuminances are set to 0.3 klx and 0.0025 klx at 6:00-22:00 and 
22:00-6:00, respectively. The illuminance deviations are ±0.02 
klx and ±0.0025 klx at 6:00-22:00 and 22:00-6:00, respectively. 
The desired indoor temperatures are 23 ℃ and 22 ℃ in summer 
and winter, respectively. The temperature error is ±2 ℃. The 
discount rates for purchasing and selling electricity between 
HEMS and the grid are set at 1 and 0.8. The long- and short-
term intervals are 1 h and 5 min. The total optimization horizons 
for LT and ST layers are 24 h and 60 min. The default predictive 
horizons for LT and ST layers are set to 12 h and 60 min, 
respectively. The system parameters are given in Table I. The 
cases in Section V-B to V-D are executed in MATLAB, while 
studies in Section V-E and V-F are run in Simulink. 

B. Power Scheduling and Operating Cost 

This case studies the power scheduling and operating cost 
under different forecasting error conditions. The forecasting 
errors are generated by uncertainties to indicate the power 
mismatch between hourly power scheduling and intra-hourly 
power usage. This means that intra-hourly power consumption 
may be higher or lower than hourly power scheduling. The error 
rates are 0%, 20%, 40 % and 60 %. The winter datasets are 
employed in this case. 

As can be seen from Fig. 6(a), the lowest electricity price of 
the day occurs between 0:00-7:00. The electricity price 
fluctuates around $0.14 per kWh from 7:00 to16:00. The 
electricity price gradually increases and reaches its peak 
between 16:00-19:00. Subsequently, the electricity price begins 
to decline but experiences a brief rebound at 21:00, eventually 
dropping to its lowest point. From Fig. 6(b), the PV system is 
unable to generate electricity due to insufficient solar irradiance 
between 0:00 and 11:00. The PV power generation gradually 

increases and reaches its peak from 11:00 to 16:00, 
subsequently declining slowly until it reaches lowest point at 
21:00. As observed from Fig. 6(c), the grid power does not 
exhibit high-frequency power fluctuations at different error 
rates. In detail, the utility delivers power to the home microgrid 
at beginning due to lower power price. Then, the HEMS sells 
electricity to the utility during 14:00 and 19:00 due to higher 
electricity price and PV generation. Both real-time tariff and PV 
generation decrease during 19:00 and 21:00. The HEMS will 
purchase more power from the main grid. Then, the power from 
the utility drops during 21:00 and 22:00 since the electricity 
tariff suddenly rises. Subsequently, the electricity price 
decreased, and the HEMS purchases more electricity from the 
utility.  

From Fig. 7(a), the SC power shows high frequency 
fluctuations under different error conditions. This is because the 
SC provides the transient power to compensate for the power 
deviation between hourly load scheduling and intra-hourly 
power usage. From Fig. 7(b), the SoC of the SC varies around 
the setpoint that is 50 %. This indicates that the SoC recovery 
of the SC in HEMS can avoid the SoC of the SC being in the 
high or low SoC state. Unlike SC component, the power and 
SoC of the battery does not show frequent variations under 
different error conditions, as shown in Figs. 7(c) and 7(d). This 
indicates that the battery only provides average power in the 
HEMS. Furthermore, due to the increase in electricity prices 
from 16:00 to 19:00, the HEMS halts purchasing electricity 
from the main grid, resulting in a gradual rise in the output 
power of the battery until it reaches maximum value, as shown 
in Fig. 6(a), Fig. 6(c) and Fig. 7(c). Subsequently, the output 
power of the battery gradually decreased, but suddenly 
increased at 21:00. This is due to a temporary rise in electricity 

Fig. 6. Power scheduling: (a) Real-time price, (b) PV power generation, and (c)
Grid power scheduling under different forecasting error rates. 
 

Fig. 7. HESS power scheduling under different forecasting error rates: (a) The
output power of the SC, (b) The SoC variations of the SC, (c) The output power
of the battery, and (d) The SoC variations of the battery. 

TABLE II 
OPERATING COST IN DIFFERENT ERRORS 

Proposed Method 
 ɛ = 0 % ɛ = 20 % ɛ = 40 % ɛ = 60 % 

LT-O ($) 8.3795 8.4425 8.5196 8.6218 
LT-B ($) 0.2377 0.2437 0.2750 0.3024 

LT-SC ($) 0.0295 0.0307 0.0335 0.0316 
ST-O ($) 8.4222 8.4945 8.5814 8.6949 
ST-B ($) 0.2046 0.2449 0.2438 0.2674 

ST-SC ($) 0.0260 0.0303 0.0346 0.0414 
Δ-LT-ST ($) 0.0427 0.0520 0.0618 0.0731 

Method-I 
 ɛ = 0 % ɛ = 20 % ɛ = 40 % ɛ = 60 % 

LT-O ($) 8.7607 8.8518 8.8715 8.8905 
LT-B ($) 0.4434 0.5383 0.4271 0.4389 
ST-O ($) 8.6337 8.7375 8.7854 8.8180 
ST-B ($) 0.3000 0.3926 0.2830 0.2998 

ST-SC ($) 0.0032 0.0111 0.0185 0.0271 
Δ-LT-ST ($) 0.1270 0.1143 0.0861 0.0725 

Method-II 
 ɛ = 0 % ɛ = 20 % ɛ = 40 % ɛ = 60 % 

LT-O ($) 9.0842 9.2163 9.2916 9.2363 
LT-B ($) 1.0693 1.0314 1.0763 0.9769 
ST-O ($) 8.7440 8.9201 9.0587 9.0641 
ST-B ($) 0.6254 0.6378 0.6789 0.6681 

Δ-LT-ST ($) 0.3402 0.2962 0.2329 0.1722 
Method-III 

 ɛ = 0 % ɛ = 20 % ɛ = 40 % ɛ = 60 % 
LT-O ($) 13.4557 13.4387 13.4373 13.4440 
ST-O ($) 13.4557 13.4414 13.4360 13.4169 

Note: O is the operating cost; B is the battery cost; SC is the supercapacitor
cost; Δ-LT-ST is the cost error between the LT and ST layers. 
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prices during this time, leading to a decrease in power supply 
from the main grid. In summary, the HEMS can formulate 
efficient utility and HESS power plans based on real-time price, 
PV generation variations and different error rates. 

The operating cost of the proposed method is compared with 
other methods that include method-I, method-II and method-III.   
Method-I in  [24], [25] indicates only ST layer considers the SC 
component. Method-II only uses the battery as an energy buffer 
and they are common approach in literature review. Method-III 
presents that the HEMS only considers occupant comfort 
without including PV and ESS. The results are given in Table 
II. It should be noted that the LT layer generates the expected 
operating costs. Then, the operating cost in the ST layer can be 
considered as the actual cost due to the short time interval. 

From Table II, the operating cost error between the LT and 
ST layers in the proposed method is small under different errors. 
They are 0.0427, 0.0520, 0.0618 and 0.0731, respectively. This 
means that the ST layer in the proposed method can track the 
operating cost scheduling provided by the LT layer. In addition, 
the microgrid operating cost and the degradation cost of the 
battery and SC will increase with the change of errors. The 
operating cost of the LT and ST layers in Method-I are higher 
than the proposed method. The reason for this is that the power 
scheduling generated by the LT layer in Method-I only 
considers the battery as energy buffer. As a result, the battery 
degradation cost of the LT layer in Method-I is significantly 
more than the proposed method. In addition, the ST layer in 
Method-I is designed to track the power scheduling of the LT 
layer. This also results in the SC component supplying a small 
amount of power to the system. As observed from Table II, the 
degradation cost of SC is almost negligible compared to the 
operating cost of the system. This is why the degradation cost 
of SC and reduction of the operating cost in the proposed 
method is higher than Method-I. This refers to the fact that the 
SC in the proposed method can participate in the operation of 
the system more frequently. In addition, the operating cost in 
Method-II and Method-III is significantly greater than that of 
the proposed method. Therefore, the proposed method is 
superior to Method-I, Method-II and Method-III. 

Table III shows the operating costs at different predictive 
horizons. The operating cost in the predictive horizon of 6 h is 
higher than the one in the predictive horizon of 12 h. The costs 
do not vary significantly over the predictive range of 18-30 h. 
This shows that the system operating cost will not always 
decrease with the increase of the predictive horizon. Therefore, 
the predictive horizon is chosen as 12 h in this article. In 
addition, as the predictive horizon increases, the computation 
time of the LT layer will obviously increase. Nevertheless, the 
calculation time is much smaller than the time interval (1 h) of 
the LT layer. Similarly, the calculation time of the ST layer is 
also much lower than the time interval (5 min) of the ST layer. 
This means that the proposed HEMS can complete the 
optimization calculation within a set time interval. 

 

C. Visual Comfort 

This case study discusses the visual comfort under different 
errors. The visual comfort regulated by lamps in the residential 
house. When the indoor illuminance generated by outdoor 
sunlight exceeds the predefined illuminance, the lamps light 
will stop working. The case consists of winter and summer 
scenarios. As observed from Figs. 8(a) and 8(d), the indoor 
illuminance in winter can reach the set values at 0:00-6:00 and 
6:00-10:00, which are 0.0025 klx and 0.3 klx, respectively. 
Then, the lamps do not participate in the adjustment of indoor 
illuminance from 10:00 to 15:00. This is because the indoor 
illuminance converted from outdoor sunlight exceeds the preset 
value of 0.32 klx. After that, the indoor illuminance is adjusted 
again by the lamps due to the decrease in indoor illuminance 
generated by outdoor sunlight. From Figs. 8(b) and 8(c), The 
proposed discomfort index approach under different error rates 
can uniformly limit different illuminance demands between 0 
and 1. Besides, the IDC tends to be zero. This means that the 
users’ visual comfort level becomes higher. Although the IDC 
has an extreme value at 40% and 60% errors, they are 
acceptable. The HEMS will adjust the power of lamps 
according to outdoor sunlight to satisfy the visual comfort of 
occupants at different time periods. 

From Fig. 9, the HEMS can adjust the power usage of lamps 
according to summer indoor illuminance conditions under 

TABLE III 
COST AND COMPUTATION TIME FOR DIFFERENT PREDICTIVE HORIZONS 

Horizon (h) 6 12 18 24 30 
LT-O ($) 8.4590 8.3795 8.6547 8.5843 8.6374 
ST-O ($) 8.5640 8.4222 8.6924 8.6187 8.6588 

LT-CT (s) 0.6266 1.7802 3.4456 6.3999 11.7980 
ST-CT (s) 0.7869 1.1299 0.7448 0.7563 0.7221 

Note: CT is the computation time. 

 
Fig. 8. Visual comfort in winter event: (a) Indoor illuminance generated by
lamps, (b) Illuminance discomfort, (c) Lamps power usage, and (d) Indoor
illuminance generated by sunlight. 

 
Fig. 9. Visual comfort in summer event: (a) Indoor illuminance generated by
lamps, (b) Illuminance discomfort, (c) Lamps power usage, and (d) Indoor
illuminance generated by sunlight. 

TABLE IV 
VISUAL COMFORT AND POWER PRICE UNDER DIFFERENT WEIGHTS 

wvis JIDC Power cost ($) 
0.01 0.0346 7.9384 
0.05 0.0094 8.0461 
0.1 0.0090 8.0599 
0.5 0.0065 8.3601 
1 0.0066 8.3830 
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different forecasting errors to meet the user’s different visual 
comfort requirements. The IDC value approaches zero, which 
indicates a high visual comfort. In addition, it is obvious that 
the power consumption of lamps in winter is higher than in 
summer, as shown in Figs. 8(c) and 9(c). This is because the 
sunshine hours in summer are higher than that in winter. 
Therefore, the proposed HEMS can respond to seasonal 
changes to adjust the indoor illuminance to meet the needs of 
users. 

Table IV illustrates the variations in visual comfort and 
electricity cost under different visual weight. When the visual 
weight is selected as 0.01, the visual discomfort is equal to 
0.0346, and the daily electricity cost is $ 7.9384. When the 
weight is 1, the visual discomfort decreases to 0.0066, the 
power cost rises $ 8.3830. In general, as the visual weight 
increases, the user’s visual discomfort tends to decrease, but the 
power cost increases. 

D. Thermal Comfort 

This case study will show the thermal comfort under different 
forecasting errors, which includes winter and summer scenarios.  
From Fig. 10(a), the indoor temperature in winter shows an 
upward trend at 0:00-3:00 and finally reaches the preset value 
of 22 ℃. This means that CAC consumes a lot of power to 
improve room temperature during this period, as shown in Fig. 
10(c). Then, the indoor temperature can be maintained around 
22 ℃ between 3:00 and 24:00. It can be observed from Fig. 

10(b) that the TDC is very close to zero. This indicates a high 
level of thermal comfort for occupants. From Fig. 10(d), the 
outdoor temperature rises between 8:00 and 14:00, when the 
CAC slowly reduces the power consumption. After that, the 
outdoor temperature gradually decreases, and the power 
consumption of the CAC begins to increase again. This shows 
that the proposed HEMS can timely control the operation of 
CAC according to outdoor temperature conditions to meet the 
thermal comfort of users. In addition, different errors do not 
have any negative impact on thermal comfort regulation. 
 Similar to the winter scenario, the proposed HEMS is able to 
adjust the indoor temperature to a set point in summer under 
different error rates, and the TDC is very close to zero, as shown 
in Figs. 11(a) and 11(b). As can be seen from Figs. 11(c) and 
11(d), outdoor temperature rises between 6:00 and 15:00. The 
CAC needs to consume more power to guarantee the indoor 
temperature comfort. In general, the proposed HEMS can 
effectively guarantee the users’ thermal comfort in different 
seasons. 

Table V shows the relationship between thermal comfort and 
power cost under different weight. When the thermal weight is 
0.01, the thermal discomfort and power cost are 0.4197 and 
$ 6.0447, respectively. When the weight factor is increased to 
1, thermal discomfort decreases and the electricity bill increases. 
This means that the increase in thermal weight will elevate the 
power consumption of the temperature control device, thereby 
ensuring the user’s thermal comfort. 

E. Accurate Power Sharing and SoC Balance 

This case studies the performance of the advanced voltage 
regulator. The batteries deliver different power between 0 and 
4 s due to the different line resistances, as shown in Fig. 12(a). 
At 4 s, the accurate power-sharing control is added to the system. 
Then, the output power of the batteries reaches a consistent state 
at 4.3 s. From Fig. 12(b), the input voltages of the three batteries 
are 150 V, 100 V and 50 V, respectively. The bus voltage is not 
affected by different battery input voltages, it can still be 
maintained within the desired range (220 × (1 ± 5%) V). This is 
because the bus voltage is mainly dominated by the SC 
converter. From Fig. 12(c), the initial SoCs of the three batteries 
are set to 90%, 80% and 70%. Obviously, SoCb,1 has the highest 
drop rate, while SoCb,3 has the lowest drop rate. This means that 
the b,1 (battery - 1) provides the most output power, while the 
b,3 supplies the least output power. Therefore, the SoCs’ gap 
among the batteries will gradually become smaller. From Fig. 
12(d), the initial SoCs of the batteries are 30%, 20% and 10%. 
The batteries are operated in charging mode. SoCb,3 rises faster 
than SoCb,1 and SoCb,2, while SoCb,1 rises slower than SoCb,2 
and SoCb,3. Hence, SoC balance among batteries can be 
achieved. Overall, the performance of the proposed advanced 
voltage regulator meets the expected requirements. 

The performance of advanced voltage regulators with 
different battery capacities is also tested. The capacities of the 
b1, b2 and b3 are set to 0.1 Ah, 0.08 Ah and 0.06 Ah, respectively. 
From Fig. 13(a) and 13(b), the initial SoCs of the three batteries 
are 90 %, 80 % and 70 %. The batteries are operated in 
discharging mode. The output power of a high-capacity battery 
(b1) surpasses that of a low-capacity battery (b3). Then, the SoC 
discrepancy among them gradually decreases, eventually 
reaching consistency. From Fig. 13(c) and 13(d), the initial 

Fig. 10. Thermal comfort in winter event: (a) Indoor temperature, (b)
Temperature discomfort, (c) CAC power usage, and (d) Outdoor temperature. 

Fig. 11. Thermal comfort in summer event: (a) Indoor temperature, (b)
Temperature discomfort, (c) CAC power usage, and (d) Outdoor temperature. 
 

TABLE V 
THERMAL COMFORT AND POWER PRICE UNDER DIFFERENT WEIGHTS 

wther JTDC Power cost ($) 
0.01 0.4197 6.0447 
0.05 0.0427 7.6626 
0.1 0.0211 8.0599 
0.5 0.0102 8.3996 
1 0.0101 8.4377 
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SoCs of the batteries are set to 10%, 20% and 30%. Similar to 
the discharging mode, the SoC of the batteries can reach 
consistency under the charging mode. This indicates that the 
proposed method can ensure the SoC balance among the 
batteries regardless of the capacity differences. 

F.  Multi-Level HEMS Simulations 

Case F will analyze the interaction between system-level and 
local-level HEMSs. It consists of two sub-cases: 1) power 
tracking capability of the local-level HEMS; 2) the operational 
status of the system under plug-and-play (PnP), and 
communication failure between the system-level and local-
level HEMS. The initial values of the batteries’ SoC are set at 
60%, 50%, and 40% respectively, while the initial values of SCs’ 
SoC are set at 50%. From Fig. 14(a), the battery b1 with a higher 
SoC provides more power to the system than the one with a 
lower SoC between 0 to 2 h. The SoC balance among batteries 
is implemented regardless of the system line resistance. During 
the SoC balancing period, the battery cells will not adhere to the 
power scheduling plan provided by ST layer. Once the SoC 
balancing is completed, the battery cells will adjust according 
to the power reference. Furthermore, the local HEMS will 
regulate the total power of the battery in accordance with the 
reference power, as shown in Fig. 14(b). Similar to batteries, 
the output power of SCs can track the power decisions provided 
by the ST layer, as shown Fig. 14(c) and 14(d). Overall, the 
proposed local-level HEMS can effectively track power 
scheduling provided by system-level HEMS.  

From Fig. 15(a), the SoC of the batteries is completed 
between 0 and 2 h. At 15 h, b3 is disconnected from the system. 
Hence, it cannot provide power. The multi-layer EMS will 
detect the overall reduction in battery capacity and will 

regenerate the power scheduling. At 17 h, b3 is reconnected to 
the system to supply power, and the EMS will update the 
capacity information. Therefore, the proposed method can 
achieve the PnP mode, as shown in Fig. 15(a) and 15(c). 
Assume that within 6 to 10 h, a communication failure occurs 
between the system and the local HEMS. The local-level 
HEMS is unable to receive the reference information from 
system-level HEMS, and thus it automatically achieves power 
sharing between battery and SC through v-dP and v-P droop 
controls. The SC voltage recovery control in the local-level 
HEMS will ensure that the SoC of SCs fluctuates around the 
preset value 50%, as shown in Fig. 15(b). During this period, 
the DC bus voltage can be maintained within the desired range 
(220 × (1 ± 5%) V), as shown in Fig. 15(d). In summary, the 
proposed local-level HEMS can achieve autonomous power 
distribution and ensure voltage stability in emergency event. 

G. Economic Analysis 

In this case, the cash payback period is adopted to evaluate 
investment returns. Four group of methods will be discussed in 
detail: 1) The first group presents the proposed method; 2) The 
second group is from methods [24] and [25]; 3) The second 
group considers the proposed method that only takes into 
account the electricity cost, ignoring the storage degradation 
cost and user comfort; 3) The fourth group is Method III in Case 
B. The simulated data is listed in Table VI. It is evident that the 
electricity costs in Group IV are significantly higher than Group 
I - III. The absence of PV and HESS in Group IV leads to an 
increased reliance on the main power grid, thereby elevating 
electricity costs. In addition, the degradation cost of SC in 
Group I is higher than that in Group II and III. This indicates 
that the utilization rate of SC in Group I is higher. Furthermore, 
this will lead to a significantly lower battery degradation cost in 

 
Fig. 12. Advanced voltage regulator: (a) Accurate power-sharing, (b) Bus
voltages, (c) SoC balance in discharging mode, and (d) SoC balance in charging
mode. 
 

 
Fig. 13.  Advanced voltage regulator with different capacity: (a) SoC balance
in discharging mode, (b) Output power of batteries in discharging mode, (c)
SoC balance in charging mode, and (d) Output power of batteries in charging
mode. 

 
Fig. 14. Power tracking: (a) The output power of the battery, (b) The total power 
of the battery, (c) The power of the SC, and (d) The total power of the SC. 
 

 
Fig. 15. The operational status of the system: (a) The SoC variations of the 
battery, (b) The SoC variations of the SC, (c) The capacity variations of the 
battery, and (d) DC bus voltages. 
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Group I compared to Group II and III, thereby extending the 
lifespan of the battery. Additionally, since there is more 
optimization conditions considered in Group I and II, its overall 
electricity cost is inevitably higher than that of Group III. 
According to Table I, the total investment cost of the proposed 
HEMS is 9220 $. The cash payback period is equal to the total 
investment cost divided by the cost saving. Under the same 
conditions, the payback period for Group I is 6.8 years, which 
is significantly shorter than that of Group II. This indicates that 
the proposed method demonstrates superior performance. Due 
to the limited optimization conditions of Group III, its payback 
period is 4.4 years. Currently, the lifespan of PV can reach up 
to 25 years, while the service life of batteries and SC can reach 
up to 15 years [37]. This means that users can achieve net profit 
after 6.8 years. With the continuous decline in PV and HESS 
prices, the cash payback period becomes shorter [1]. Hence, the 
proposed HEMS is feasible. 

H. Convergency Analysis 

This case study focuses on the convergence of the proposed 
method under the solver “FMINCON”. To verify the 
convergence of multi-time scale optimization, four time points 
are randomly selected: the times for the LT layer are 12:00 and 
17:00, and the times for the ST layer are 10:40 and 18:40. It can 
be seen from Fig. 16(a) and 16(b) that the function value 
approaches a stable value after approximately 24 iterations of 
LT layer optimization. At 10:40, the ST layer only needs 16 
iterations to make the function value approach zero, and it needs 
24 iterations at 18:40, as shown in Fig. 16(c) and 16(d). 
Furthermore, the LT and ST optimization models exhibit fewer 
iterations when utilizing the solver “FMINCON”. This 
indicates a faster convergence rate, thus achieving the 
predetermined expectations. It is important to note that this 
article focuses on the research of multi-level HEMS models 
rather than the development of solver algorithms. Therefore, the 
comparative performance of the solver’s convergence is beyond 
the scope of this study. 

VI. CONCLUSION AND FUTURE WORK 

In this article, a multi-level HEMS is proposed for 
minimization of the operating cost and the user discomfort in a 
DC home microgrid. The multi-level HEMS consists of a 
system-level and local-level HEMS. In the system-level HEMS, 
the LT layer is proposed to minimize the operating cost and the 
user discomfort. The ST is presented to mitigate the microgrid 
operating cost caused by randomness of user behavior and 
intermittent PV generation. The visual and thermal discomfort 
model is used to quantify the user comfort at different scenarios. 
Besides, the battery and SC degradation models are integrated 
into the HEMS to assess the wear cost. In the local-level HEMS, 
an advanced voltage regulator is proposed to achieve accurate 
power sharing and SoC balance among batteries. The power 
sharing between battery and SC is achieved by using 
coordinated droop controls. The DC bus voltage and SC voltage 
can be restored within a safe range. Future research work is to 
develop a coordination algorithm for home-home and home-
grid energy exchange in energy markets. 
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