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Abstract—It is essential for Home Energy Management Systems
(HEMSSs) 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.

1. INTRODUCTION

RECENTLY, 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
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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
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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
VL

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
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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).
Plamp () X MF x UF
I (M
t

where ¢lamp(t) and Ppymp(?) are the lighting illuminance and

lighting power at time ¢. 4;, 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).

$,(6) = (a, X ¢ () + B,) X DF )
DF:tWXcWXAWXHVXOW 3)
A, X (1= A7)

where ¢ (#) and ¢ (¢) are indoor illuminance generated by
outdoor sunlight and global horizontal irradiance at time . a,,
and f3are the measured parameters that can be obtained from
[29]. Considering that /)’0 is small, hence, it is ignored in this
article. DF, 4,, and 4, are the daylight factor, window area and
average reflectance. 0,, t,,, ¢,, and o,, 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).

([ Pramp(D + ¢,(0), for ¢ (1) < 4,
¢in([) - {0’ ’ for ¢o(t) > ¢d (4)
o', for € [, 2]
¢, =1 45, forte [, 1] (5)

0, forg (1)=¢,

where ¢, (7) and ¢ , are indoor illuminance at time 7 and desired
illuminance. ¢2t and qﬁ’; are the desired illuminance for day time
and night time. &, /2, 1t and 2! are the start and end of normal
time and rest time. Equation (4) represents that ¢ _(¢) is less than
¢,> then the lamps will be involved in the regulation of the
indoor illuminance. In contrast, when ¢ (7) is greater than and
equal to ¢ , the lamps stop working.

The occupant’s visual comfort is related to the indoor
illuminance ¢, (¢). To quantify visual comfort, an illuminance

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

(7).

Jipc(®) =1 — (aipc Xe¢IDC(t)+ﬁIDC) (6)
|¢ — ¢in(t)|
¢1Dc(t) =4 - A (7

where Jipc(?) and A¢g are the IDC index cost function and
deviation between the desired and marginal illuminance.
$1pc(D, apc, and By are the linking function and IDC factors.
It can be observed from (6) and (7) that if ¢, (¢) reaches the
desired illuminance ¢ , pre-specified by occupant, the IDC level
for occupant is the lowest level that can be defined as 0. If ¢, (?)
reaches the preset illuminance margin, it will cause the highest
IDC to user, its value is defined as 1. By considering these two
conditions, aypc and B, . are calculated as -0.5820 and 1.5820.

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

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

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

e 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).

At 11 1 1 1 At
Tm(r+1)=Tm(t)><[1—C—,X(7+7+7+7+a) T
T.() T, T,
X[Q+Q+£+(1—p)xx1wx%(t)
Tr(i) T(iv)v im
all J
HH T X Paac()] )

where T,(t), T.(), T,(¢), T,(#), T,(¢9) and T4 (?) are the
temperature of the indoor, house roof, exterior wall, inner wall,
ambient and temperature caused by humidity. 7y, 75, %iw» ¥im
and ry, are the thermal resistances in the house. ¢;, is the
capacity of the indoor air. p and At are the proportion of the
solar radiation acting on the inner wall and time interval.
Pcac(?) is the output of the central air conditioning. J 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 T;,(f) satisfies the pre-defined
temperature, the thermal discomfort of occupant reaches the
lowest level. On the contrary, if 7;,(¢) 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).

Jrpc(?) = 1 = (orpeXe ™CO+p ) )
T (t)_ |Td_Tin(t)| (10)
cl) =
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where T, Jrpc(f) and AT are the desired indoor temperature,
TDC index cost function and deviation between the desired and
marginal temperature. Trpc(?), arpc and . are the linking
function and TDC factors. Here, arpc and . 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).

pSC
S0 = 3 an
wherep_, O, Py (¢) and {_ 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).
—_ pSC
Ji (0 ZXCSCXQSC X Py ()X At
where At is the time interval. It should be noted that the house
is equipped with multiple SCs, and the SC capacity O can be
further expressed as (13).

N
0.=) 0.,

n=1
where O is the capacity of the n'™ 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).

Jp(t) = b 14
5 0, XDoD, ()X, %1 (19
where Jy(?), p, and u are the degradation cost, replacement cost
and energy conversion efficiency. Py(7), Q,, DoD,(¢) and ,(7)
are the battery output power, capacity, depth of discharge (DOD)
and lifetime. The battery lifetime ¢, (¢) is a curve fitting function,
which can be written as (15).

G,(2) = o XDoDyy () Ps xe77»XPoPs® (15)
where o, B, and y, are the curve-fitting coefficients for
lifetime function. DoD,(?) is the ratio of the energy exported by
the battery to its total capacity, as shown in (16).

(12)

(13)

XPp(f)X At

Py(t)xAt
. 16
0, (16)

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

9, =ZQb,n

n=1
where O,  is the capacity of the n™ battery.

DODb (t) =

(17)

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).

Ppy
ov = 24%365%n, (18)
where Jpy, pp,, and ny, 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).

J(t) = Pg(t)xéprpr(t)xAt (19)
(9, for Py(5) 20
47 {5;, for P,() <0 (20)

where npr(t) and Pgy(?) are the hourly electricity price and grid

power at time t. &, is the discount rate. & and ¢} 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).

Pi(0) = (12e)x P () @1
where PX(f) and P™(¢) are the power with error and hourly
power at time ¢. ¢ 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)
= Py(1) + Ppy (1) + Py(1) + Pyc(2) (22)

where Ppy(f) and P p(f) are the PV power and load demand
including fixed and elastic loads at time ¢.

The SoC variation models of the battery and SC can be
expressed as (23) and (25).
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¢ X Pp(t)XAt j imizati
SoCa(t + 1) = SoCu(t) — N X Pg(?) for Py <0 (23) B. Formbvtlatzlon of Op'tzmzzatzon Problem o '
€ objective function o ayer considering the indoor
o The obj fi f LT lay dering the ind
E( ) X comfort and the degradation cost model of battery and SC is
SoCx(t + 1) = SoCr() — 0. %l for Pe)>0  (24)  proposed to reduce the operating cost and maintain the occupant
ZNE SOCIIE (0 comfort. It can be expressed as (33) — (35).
SoC(t) = % (25) MinJyr = Jir, 1 +Jit2 (33)
7
where SoCg(f) is the average SoC of energy storage, _ S
respectively. SoCg ,(¢) is the SoC of the n'™ energy storage. n% Jir1 = Z [wvis XJinc(fur) + Winer X Jrpe(fir)] G4
and ’72 are the charging and discharging coefficients of energy ZL;Lle
storage. Specifically, E = b denotes the battery, while £ = SC _ Z
denotes the SC component. The SoC and power constraints of Jira = Jevt I[WSC Xaoltum)Fwp X (fm) F w3 p(61m)] (33)
. L=
the battery and SC can be written as (26) and (27). subject to the system models and constraints in (1) — (20) and
min < < max J y
SoC;m in—<sopcft§t)<—PigxcE g% (22) — (33). The control variables are Piyy(fir), Peac(fir),
E

where SoCR, PIin SoCH™ and PP 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).

P < Py(1) < PP (28)
larrK;p = Plamp(t) < lamp (29)
PEc < Peac() < PERG (30)

where Pfe,“i“, P{‘;im"p, P, Pg™, Plamp and PCAc are minimum
and maximum power of the grid, lighting and CAC. The
temperature and illuminance constraints are expressed by (31)
and (32). ‘
T < Tin(t) < T €2y
gt < () < g (32)
where ¢mm 7iin ¢ and T™ are the minimum and

1
maximum illuminance and temperature.

Algorithm 1: MPC-based multi-timescale optimization
1. Load the dataset

2. Initialize system states

3.For tip = 1:.T

4.  Import data:

tr+Tr
[PLD(ZLT)’ PPV(ZLT)’ppr(ZLT)s o (ter), Tu(tLr), Tdh(tLT)]’
I

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

[P?:r;p(tu), PO(tr), PR (), Pt P (tLT)]
o T+
[SoCy (tu1), SoCL (a4 (). T )]
7. Apply first group control signal and states in the ST layer

8. For tgr = 1:Tgy
9. Import data and states:

wr+Tir

tsT+TsT

[PLD(ZST)y PPV(IST)yP (ts1), 9 (ts1), T, (tst), Tdh(tST)]t
ST
tst+ 75

[SoCh(tsr). SoCucltsn). ¢y, (1), Tinles)] "

10. Solve problem (36) — (42)

11.  Obtain optimal control sequence and states:
[Pmp(tso), PO c(ast), P2 Gso), P (o), P (es) ]

o ts7+T

[SoCy (rsr), SoCE'as). gy (rs), T ()]

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:
[SoC3(as1), SoCXsr), 457 asm): T 5], _
16. End for
Note: the superscript “opt” represents the optimal solution.

tsT+TsT

Py (tr1), Pp(tir) and Py(f 7). Ty is the predictive horizon for
LT optimization. wyis, Weper, Wse» W and w, are the weight
coefficients. 1 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 Jgr = Jgr,1 +Jst,2 +Jst,3 +Jst,4 + st 5 (36)
Tst
2
Jst,1 = Z [(P lamp(FLT) XAl — P lamp(tST)xAtST)X/)pr(tST)]
tsT=1
(37
Tst 5
Jst2 = Z [(P cac(fLr) XAt — P, CAC(tST)XAtST)prr(tST)]
tgT=1
(38)
Tst
2
Jsrs= ) [eltn) = Jyteso)] (39)
tsT=1
Tst
Jst,4 = Z [Jp(trr) — Jp(ts7)]? (40)
tsT=1
Tst Tst
Jsrs= ) S+ ) [SoCh = SoCylis (41)
tsT=1 tST=TS£
LT
Top = LT, 42
ST = Ny (42)

subject to the system models and constraints in (1) — (32). g7 is
short-term index. Afr and Afgr are long- and short-term
interval. Tqr is the predictive horizon for LT optimization.
SoC:, and SoC(fs7) are the SC’s SoC reference and SoC level
at time 1. 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.

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



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

> REPLACE THIS LINE WITH YOUR PAPER IDENTIFICATION NUMBER (DOUBLE-CLICK HERE TO EDIT) < 6

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 # r+1. The operating process is summarized
as follow:

o It firstly defines the optimization horizon (77 %) and
imports the data with a predicted horizon of 77 .
e  The objective function (33) — (35) in LT layer is solved to

get the control sequence [Plamp(tLT) P AC(tLT), P (1),
Opt(fLT) P pt(tLT) ]
T
[SoC3P (251, SoCST ). P (ts). TR esp)] " Only
ST

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

T+t
and system state sequence

e The ST layer imports the data with the stochastic error at
a predicted horizon Tgr. The function (36) — (42) will be

solved to get the control sequence [ lamp(tST) P%?Ac(tST)
t37+T
PP (tsr), P Opt(tST)a szpl(tST) ][SI
T
[SoCH (ts7), SoCE(tsp). 47" (hsr). Tin'(es)],” - The

first set of control signals and states in the optimal
sequence are selected to apply to the reference of the

and state sequence

local-level HEMS and to update the states of the ST layers.

e  The ST layer will complete the optimization task with

time horizon [#gr, tgT + Tgr]. The system state at the end
0

time Tg>' + 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).

— Pze,fn + Vi = Vb,

kp X s 43)

i), PEt oy, v i,
P
FPWM*f\ﬂ (3 »@»@ RIPRN S
SoC,.
SoC;, (k+1) X Tl pin
Rl O /{{k-‘*ﬂ(fl’w:
P (k+D) € ey,

Controller for battery converter *._Controller for SC converter

Fig. 2. The schematic diagram of the control circuit.
Pyt

Py, = lsn) (44)
where &y, 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. PE,ff,, is the
reference power. Equation (44) indicates that P,(¢gr) will be
equally distributed among the number of N battery converters.
A v-P control with SC voltage recovery is written as (45) -(47).

Veen = kscx(Psc w = P = v (45)
Wee, y= (ksfz o ¥ K )x Ve =V, (46)
(tst)

Py = SCT (47)

where kg, Vg , and Py , are the droop coefficient, the output
voltage and power of the n' SC converter, respectively. PSS, i
the reference power. dv_, is the SC voltage recovery method.
Vi, and Vi3, are the reference and measured voltage for the SC.
k& , and ksm are the control parameters. Equation (47) means
that P, (tgr) 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).
V= Vpp t 0V,

kb Xs
b n] X (kaic n + k;cc n ) (49)
[SOCZl, n SOCZ,n(k+1)] X (kSoC, n + kSoC,n;) (50)

where 6v, is the voltage compensation term. dvg,c, , is the SoC
balance term. P} (k+1) and P}, are the reference and output

=Py (48)

5Vn = [Pg,‘lrlt'(k—i_l)—l—évSoC, n

5VSOC, n=

power in per unit for battery. k%, , and kfmq . are the accurate
power control parameters. SoCj, ,(k+1) and SoCj, are the
average and measured SoC of the n™ battery. kéjoc , and kisoc, n
are the SoC balance control parameters. Then, PL); (k+1) and
SoCj, ,(k+1) can be obtained by (51) — (53).

PR (ktl) = Prii(0) +e Z Jace, nf(kF1) 62
JENy
5acc., nj(k+1) = 5acc., nj(k)+aacc.,nj Ppu (k) Pgl;(k)] (52)
SoC}, ,(k+1) = SoC}, ,,(0) +& Z Isoc, (k1) (53)
JEN,
Isac, ni(k+1) = soc, (k) + asac, i [SOC) (k) — S0C}, (k)] (54)
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i1
? [
kdoc + ksoc §

SoC} (k +1)
%SOC}Z’

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

where SoC}, ;(0) is the initial SoC level. P}:";"(O) is the initial
output power of the battery converter. dyec, »(k) and dgoc, (k)
are the variables that store the cumulative difference between

agents n and j for power-sharing and SoC balance. a,_,; and
agoc, »; are the connection state between agents n and j for

power-sharing and SoC balance. ¢ can adjust the convergence
speed, which can be calculated by (55).

2

NAGETID) (53)

where £ (°) is the n™ 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].

kvp — wx,vi kcp — wx,ch

T 1-D & v, (56)
kvi — ﬂw)zc,vcx kci — ﬂw;%,ch

* 1-D 7 v,

where k", k¥, k,', and k; 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. w,, and w,,. are the control
bandwidth of the voltage and current loops. # and D are the
proportional coefficient and steady state value of the duty cycle.
L, and C, 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).

Ve birs> +bys+b
2 = 312 211 10 (57)
l a13s +a12S +alls+a10
where aj3 = Cy; arp = k(1 —D)[l K(1=D)]; a1, =

k(1 = D) = (Kk + Kek)(1 = DY ayg = —kiekie(1 = D)’;
b12 - ksck;/gv + 1 bll - ksckscvsw blO = 0.

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

Vb

ip

b26S6 + b25S5 + b24S4 + b23S3 + b2252 + b21S + b20

ay787 + ares0 + ar58° + aryst + ax38® + ars? + ays + ay
(58)

Where dyr = LbeRChthmax(v ) 6126 = Q;,Rchkbk " Proax
(Vh) Vi das = QbRChkhkh max(VZ) Vis og = Qb(l D)kcp 7
(RPmax Vr Zkgcc.v%) 5 A3 = (l - D)[Zkgcc.vlz‘(kb SoCPmax -
Qb EIV}?) Qmeaxv (Zklacck V2 R r)] 5 ay =2(1 -
D)V;%(k;cc.kl? kgoCPmax Qhk;cc CI m + Qbkzpicc kzl SoCPmax
Qbk‘scc.kzpleOCPmax) 5 ax = 2(1 - D)Pmax [kélcc (k k!S70C +
kzkaSOC)-}_kgcc.kZ]kISoC]; ayy = 2(1 - D)klacc max V. 2k kSoC; b26 =

Zp =

)
LthRkamaX(Vgl 5 b25 = QbRkhk PmaX(V ) v, 5 b24 =
QbRkbkglP max(Vp) Vis baz = byy = by = by = 0.
The total output impedance can be written as (59).
7 = _Isefh (59)
’ Zsc + Zp

Then, substituting (57) and (58) into (59), the characteristics
function of the control system is given as (60).
a8s8 + a7s7 + a6s6 + a5s5 + a4s4 + a3s3 + a232 +ais+ay=0
(60)
where ag = L0, RP k() [Ch(1 + keok2V%) + C];
a; = QbRPmax(V}:n)zkb{Cbkzpvr(1 + ksckVp ;rcl) + Lb(l - D)k;]g[l
_(1 - D)ksc] + Csckcpv + Lbeksckscvsc};
g = QbR(V ) kamaX{k r(Cb + Csc) + (1 - D)(klcypk:}:)v; + Lb
kbklsc) — (1 = DY [(Ly(kick? + Kooie) + kT KekPv,)] + Cokev,
( SRE + kT ROY;
=0,(0- DWW [REFP P (1 + kbkzévm + kg kiPvin) —
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oo 200 3w V. SIMULATION RESULTS
2200 % 2200 0% o
‘:‘5_ 1oy ‘5100 - 3, 1 0 A. Simulation Setup
5 ° g5 ° L To verify the performance of the proposed model, the
£.100 £-100 P . . . . .
= ool = ol 7 M processor in the loop (PIL) simulation platform including a host
200l a0l 66| 8 PC and microcontroller (MC), is established, as illustrated in
-600-400 =200 0 200 -600 -400  -200 0 0 200 the Fig. 5. The system-level HEMS operates on the host PC to
300 © 300 R generate the optimal power scheduling plan. The plan is sent to
2 200 M- L2000 & 0 oo the system-level HEMS installed in the MC through a
2 e s 2 O A g
Soof 45 /« 0\ S00f o8 07 communication link. Subsequently, the MC transmits control
£ 0 g If’w' / Z o signals to adjust the power output of the controlled target.
£-100 0 H £-100 , Finally, the system-level HEMS will update the system status.
-200| g 7 8 2001 The model of the MC is STM32F429ZIT6. Then, the HEMS
%00 -a00 f200 0200 =%60 00 o200 environment includes the summer and winter days. The public
“O “@™ datasets including hourly electricity tariff, weather, fixed and

Fig. 4. Root locus diagram: (a) 4 is between 0.0015 and 0.01 V/W, while &, is
between 0 and 0.008 V/W, (b) k5 ¢ is between 1 and 5, while Ksoc is between
0.0006 and 0.0031, (c) k... is between 10 and 100, while k;cc_ is between 6.2832
and 62.832, and (d) &2, is between 0.03 and 0.3, while k. is between 0.00018
and 0.0018.

k{a)cc.(vr + ksckzgpmaxv;)nvls%) + Rkb
Riy{(1 = DY’ [RAL ke + ki) Kev,) + K
Cbkzlksck:évrvlsg 5

ag = (1 _D){zkgcck Pmax

kzgpmaxv Qb(vb) Pmax
Vr(kzlkgc + kb klsc)] +

thh V) [2(](;(:(: ka acc k r)
—RK§ Pax(1 + kykseViD] = 20, ko VAV [Khec, VZ“(kZ'k§§ + k kye)
k;]g (k;cc kgcc kgoCP max)] + QbRP mava Vrvsc sc( k\s/g
+kb Pli)} = (1 = DY Q, Rk Prna (V) VRHKD + KK +
cp i gvi

kSCkSC).
az = Qb(l - D){zpmax zk{:cc (kilk[s;oc + k kSoC)(l + k kvp lsrﬁl:)
+2PmaxV2k kscv (klacc k‘s/gk[S)oC + kgcc kZékgoc + k‘gcc k;’c kISoC) -
kSCv;)nvzvSC(k;CC k lkvp + k;CC k\S/(l) + kZCC kzlk:é) Zlv}]nv [ZkleC
v+ R(l - D)kbklsck;/(l: max b' - Rksck;,:: max ]}
a2 = 2(1 - D)V2 [PmaxleoC(k;cc ka + kgcc k ) + k;cc k kschax

k;/(l:kgoc + k kSoC k;l(l)kSOC) + kacc Clkscpmax Vse k:::kgoc +
k‘S/ngOC) + k;cc (Pmaxk’S’oC - Qb sck:év};nvls‘g + Pmaxk ksc SOC)]
a = 2(1 - D)kzl maxV’ 2[kSoC(keIlcc + kfcc sck‘s/1 lslé) + kellcc kscv
(kyeksoc + R ksoc + kicksoc):
ap = 2(1 D)k;cc Clk kwkSoCPmaszVg(]:

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
(ps, p7, and pg) are far from the right half of the S-plane and
therefore do not play a dominant role. As k. and &, vary within
the specified range, p; is located on the left half of the S-plane.
This means that the stability of the control system can be
ensured. Furthermore, ps moves to the left side. This indicates
that the stability of the system gradually improves. Although ps,
P3, and ps 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.

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,

System-Level Local-Level
HEMS HEMS
Controlled L
. Communication
object | .
link
Host PC

Fig. 5. The PIL simulation platform.

TABLE1[4], [11],[20], [24]

PARAMETERS FOR MULTI-LEVEL HEMS

Parameters settings for visual comfort

max

min

Plamp Plamp MF UF A, a,
1.2 kW 0 kW 0.9 0.9 268 m? 110
tW cW AW gl’ OW Ar
0.9 0.5 5 m? 90° 1 0.3
Parameters settings for thermal comfort
PCAC P Tir Tia Tiw Tim
8.557 °C/k 99.106 98.940 52.263
S kw 0kw W CAW | °CKW | °CkW
"dh Cin /4 - - -
98.378 9.984 06 ) ) .
°C/kW kWh/°C )
Parameters settings for battery degradation
ph Qh u Pmax P;‘;in S OCZMX
600 $ 12 kWh 0.98 4 kW -4 kW 90 %
SoCp™ a By Yy My M -
10 % 4980 1.98 0.016 0.98 -
Parameters settings for SC degradation
Py [ 0. PE™ poin SoCa™
2400 $ 50000 3 kWh 10 kW -10 kW 90 %
SoCin M 1 - - - -
10 % 0.98 - - - -
Parameters settings for grid and PV
i L Ppy Tyr - -
S kW -5 kW 6220 $ 25 -
Parameters settings for controls and DC/DC converters
vin’ V;‘g Cb, Csc ng Lsc kb ksc ksl();
150 vV 200 pF 3 mH O£/%6 3/%3] 0.1
klsu véc sz;c. k;cc. k;oC leoC
0.0016 75V 50 31.4159 3 0.0002
Riy. Ry | Rip Reco | Rip Reo v, [ kg
0.01Q 0.02Q 0.03Q 220V 0.3949 24.8150
K K ky iy - -
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 °C and 22 °C in summer
and winter, respectively. The temperature error is +2 °C. 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
= 02 T ; T T BEE 6 T T RS

Z0.18 o
=011 Z 4
=0.1 ~ 2
So.1 & 11 i
£ 0. 0 ko S,
0 4 8 12 16 20
Time (hrs)
(b)

H0% 4 20%%40%S-60%

Pe (kW)

14 ;
0 4 8 12 16 20 24
Time (hrs)
(©)
Fig. 6. Power scheduling: (a) Real-time price, (b) PV power generation, and (c)
Grid power scheduling under different forecasting error rates.
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#0% *20%>40%-©-60%
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Fig. 7. HESS power scheduling under different forecasting error rates: (a) The
output power of the SC, (b) The SoC variations of the SC, (¢) The output power
of the battery, and (d) The SoC variations of the battery.

TABLEII
OPERATING COST IN DIFFERENT ERRORS
Proposed Method
e=0% e=20% e=40% e=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
A-LT-ST ($) 0.0427 0.0520 0.0618 0.0731
Method-I
e=0% e=20% e=40% £=60%
LT-O ($) 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 ($) 0.3000 0.3926 0.2830 0.2998
ST-SC (8) 0.0032 0.0111 0.0185 0.0271
A-LT-ST (8) 0.1270 0.1143 0.0861 0.0725
Method-II
e=0% e=20% e=40% e=60%
LT-O ($) 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 ($) 0.6254 0.6378 0.6789 0.6681
A-LT-ST (8) 0.3402 0.2962 0.2329 0.1722
Method-III
e=0% e=20% e=40% e=60%
LT-O ($) 13.4557 13.4387 13.4373 13.4440
ST-0 (§) 13.4557 13.4414 13.4360 13.4169

Note: O is the operating cost; B is the battery cost; SC is the supercapacitor
cost; A-LT-ST is the cost error between the LT and ST layers.

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
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TABLEIII
COST AND COMPUTATION TIME FOR DIFFERENT PREDICTIVE HORIZONS

Horizon (h) 6 12 18 24 30
LT-O (3) 84590 | 83795 | 8.6547 | 8.5843 3.6374
ST-0 ($) 8.5640 | 84222 | 8.6924 | 8.6187 3.6588
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.

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-Iin [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-II1
presents that the HEMS only considers occupant comfort
without including PV and ESS. The results are given in Table
II. Tt 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 0.073 1, 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-1, Method-II and Method-III.

Table IIT 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.
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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.
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Fig. 9. Visual comfort in summer event: (a) Indoor illuminance generated by
lamps, (b) Illuminance discomfort, (¢) Lamps power usage, and (d) Indoor
illuminance generated by sunlight.
TABLE IV
VISUAL COMFORT AND POWER PRICE UNDER DIFFERENT WEIGHTS

Wyis 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

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 kIx and 0.3 klIx, 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 kix. 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
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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 °C. 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 °C between 3:00 and 24:00. It can be observed from Fig.
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Fig. 10. Thermal comfort in winter event: (a) Indoor temperature, (b)
Temperature discomfort, (c) CAC power usage, and (d) Outdoor temperature.
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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

Wiher Jpe 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

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
at4.3 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 x (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, SoCy has the highest
drop rate, while SoC; 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. SoC, 3 rises faster
than SoC,; and SoCyp, while SoC, rises slower than SoCj»
and SoCp3. 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, by and b3 are setto 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
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Fig. 12. Advanced voltage regulator: (a) Accurate power-sharing, (b) Bus
voltages, (¢) SoC balance in discharging mode, and (d) SoC balance in charging
mode.
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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.

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 b, 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
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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.
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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.

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 x (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 VL. It is evident that the
electricity costs in Group IV are significantly higher than Group
I - ITI. 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 [ 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
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TABLE VI
Energy Cost Savings
Groups I 1I 1 v
Battery cost ($) 53.6336 61.1669 180.4043 N/A
SC cost ($) 7.0376 7.0008 5.6591 N/A
Total cost ($) 2283.2272 | 2557.2935 1579.2025 3632.6623
Cost saving ($) | 1349.4351 1075.3688 2053.4598 N/A
Payback
periods (Years) 6.8 8.5 4.4 N/A
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Fig. 16. Convergency discussions: (a) The convergency of LT layer at 12:00,
(b) The convergency of LT layer at 17:00, (c) The convergency of ST layer at
10:40, and (d) The convergency of ST layer at 18:40.

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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