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Abstract: Although the main concern of consumers is to reduce the cost of energy consumption,
zero-energy buildings are the main concern of governments, which reduce the carbon footprint
of the residential sector. Therefore, homeowners are motivated to install distributed renewable
energy resources such as solar energy, which includes photovoltaics (PVs), solar concentrators, and
energy storage systems (ESSs); these installations are intended to maintain the homeowners’ energy
consumption, and the excess energy can be sold to the grid. In light of the comfort consumption
suggestions made by users, this paper presents an optimal home energy management (HEM) for
zero-energy buildings and low energy consumption. Firstly, this paper proposes a new optimization
algorithm called random integer search optimization (RISO). Afterwards, we propose a new objective
function to enable zero energy consumption from the grid and lower costs. Therefore, in this study,
the primary energy resources for homes are PVs and ESSs, while the grid is on standby during the
intermittency of the primary resources. Then, the HEM applies the RISO algorithm for an optimal
day-ahead load schedule based on the day-ahead weather forecast and consumers’ comfort time range
schedule. The proposed HEM is investigated using a schedule of habits for residential customers
living in Hong Kong, where the government subsidizes the excess clean energy from homes to the
grid. Three scenarios were studied and compared in this work to verify the effectiveness of the
proposed HEM. The results revealed that the load schedule within the comfort times decreased the
cost of energy consumption by 25% of the cost without affecting the users’ comfort.

Keywords: home energy management; zero-energy buildings; low greenhouse gas emissions;
random integer search optimization; distributed renewable energy resources

1. Introduction

The cost of energy consumption by residential consumers has increased as a result of
the global pandemic and war crisis [1]; according to the International Energy Agency (IEA),
in 2021, the worldwide residential energy consumption accounted for 30% of the total
energy consumption [2]. Therefore, residential buildings contribute directly or indirectly
to around 27% of global greenhouse gas emissions. Thus, according to the Paris Climate
Agreement, implementing zero-energy designs in residential buildings can play a crucial
role in mitigating climate change, which encourages countries to increase the use of clean
energy sources to lower carbon dioxide emissions [3]. As a result, many homeowners look
for the available forms of renewable energy, such as solar energy, wind energy, etc., to
lessen their carbon footprint and cut costs [4]. To hasten the transition to a cleaner energy
future, some governments are also providing tax credits and other financial incentives for
the use of renewable energy sources according to the government’s policy [5]; for instance,

Sustainability 2023, 15, 9193. https://doi.org/10.3390/su15129193 https://www.mdpi.com/journal/sustainability

https://doi.org/10.3390/su15129193
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/sustainability
https://www.mdpi.com
https://orcid.org/0000-0002-9843-2439
https://orcid.org/0000-0003-0111-6665
https://orcid.org/0000-0001-6595-6423
https://orcid.org/0000-0002-7096-0926
https://doi.org/10.3390/su15129193
https://www.mdpi.com/journal/sustainability
https://www.mdpi.com/article/10.3390/su15129193?type=check_update&version=1


Sustainability 2023, 15, 9193 2 of 15

the Hong Kong government encourages the installation of distributed renewable energy
(DRE) sources by offering feed-in tariff subsidies to locals who do so [6]. These actions can
also inspire and encourage other sectors to adopt sustainable practices.

Home energy management (HEM) is used to lower the cost of energy usage and the
carbon footprint of end users [7]. There are two basic approaches to accomplish these goals:
managing the demand response (DR) and providing electricity to houses via renewable
energy resources and energy storage systems (ESSs) [8,9]. The DR program is effective
during the time of use (TOU) pricing or incentives that are provided by the utility to
encourage users to arrange their usage [10]. Furthermore, the DR must schedule the load
with the uncertainty and intermittency of DRE, and DREs and ESSs should primarily
confront the home demand. Then, the excess energy may be delivered to the utility, which
helps with low carbon emissions [11]. DR programs also help lower peak demand, which
minimizes the need for new power plants and transmission lines, leading to cost savings
for utilities and customers. HEM is made up of smart meters, routers, and communication
systems (e.g., Internet of Things (IoT), wireless networks, and cellular networks) that allow
for the monitoring and control of various home appliances and systems (e.g., lighting,
heating, cooling, and security systems) via a central hub or mobile device. This technology
improves the home’s energy efficiency, convenience, and security [12].

In a recent literature review, researchers concentrated on DR management studies
that stated that the load could be divided into critical, curtailed, and deferrable loads [13].
Additionally, it was assumed in these studies that the utility would reimburse customers
for their rescheduled or interrupted loads. Customers will therefore forego their comfort
for lower energy consumption costs. On the other hand, some researchers thought that
installing PVs and ESSs was part of DR management [14]. The ambiguity of load demand
and DRE generation is currently investigated for home energy management; day-ahead DR
management, which uses load profiles, weather forecasts, and real-time utility pricing, can
resolve this issue [15]. For day-ahead forecasting, many statistical and machine learning
techniques are used. Energy providers can gain essential insights from the accuracy of
day-ahead forecasting, which will help them streamline their processes, cut costs, and
maintain customer satisfaction [16]. Long-term forecasting using these techniques can help
with strategic planning and decision making. This will aid in determining the trade-off
between cost savings and consumer comfort. Optimization algorithms are used in home
energy management to reduce the cost of energy consumption while keeping the end users’
comfort in mind [17]. These algorithms can make decisions about when and how to use
energy in the home based on factors such as weather, energy prices, and user preferences.

In the literature, due to the total increment result of the applied optimization algo-
rithms, such as mathematical, metaheuristic, and machine learning algorithms, researchers
have applied these algorithms to the energy management systems. Mathematical algo-
rithms are based on mathematical models and equations, whereas metaheuristic algorithms
are founded on stochastic processes that are motivated by natural phenomena, such as
evolution and swarm intelligence. As opposed to traditional approaches, machine learn-
ing algorithms rely on data-driven approaches; linear programming (LP) [18], quadratic
programming (QP) [19], convex programming (CP) [20], dynamic programming (DP) [21],
mixed integer linear programming (MILP) [22], and mixed integer nonlinear programming
(MINLP [23]) are some of the mathematical algorithms. Although these algorithms are
frequently used in HEM, they do not always result in the global optimum solution, and
some of them are costly to compute and challenging to solve without assumptions. These
days, metaheuristic algorithms [24], which include genetic algorithms (GAs) [25], parti-
cle swarm optimization (PSO) [26], differential evolution (DE) [27], the harmony search
algorithm (HSA) [28], game theory (BFA), ant colony optimization (ACO) [29], binary
grey wolf optimizer (BGWO) [30], and binary backtracking search algorithm (BBSA) [31],
are stochastic optimization techniques that can be used to solve complex optimization
problems such as HEM. While neural networks (NNs) [32], decision trees, k-nearest neigh-
bor (KNN) [33], reinforcement learning [34], support vector machines (SVMs [35]), and
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long short-term memory recurrent neural networks (LSTMs [36]) are examples of machine
learning algorithms that use data-driven strategies to optimize a system’s performance to
create the best load schedule possible for the day-ahead forecasted weather and loads.

Unfortunately, most countries’ electricity suppliers do not pay for load shifting or
curtailment; thus, customers need to reduce costs by scheduling their load profile without
sacrificing comfort. This can be accomplished by utilizing DRE and smart home tech-
nologies that allow customers to control their energy consumption remotely. Moreover,
implementing energy-efficient appliances and practices can help reduce costs while main-
taining comfort. This paper proposes a new optimization algorithm, a random integer
search optimizer (RISO). Moreover, this work offers a new objective function that represents
the cost of energy consumption by individual homes. The RISO algorithm is applied to
minimize the objective function and to schedule the home appliances within the comfort
time window of end users.

2. Home Energy Management System
2.1. System Description

For zero-energy homes in Hong Kong, the government encourages individuals to
install distributed PV and ESS systems to supply clean energy to their homes, and the
excess energy can be injected into the grid. The Hong Kong government initiated a feed-in
tariff scheme to help individuals recover the capital cost of installing renewable energy
resources within 10 years of the project. However, individuals still need efficient energy
management to optimize household appliance schedules and reduce energy consumption
costs. In this study, the structure of HEM is shown in Figure 1. This HEM includes clean
energy generation (PVs and ESSs); household appliances, including electric vehicles (EVs),
smart meters for measuring the bidirectional energy to or from the grid, communication
systems that transfer the decision signals to sockets of appliances or transfer the measured
data, and energy hubs that manage the energy flow inside the home and between the
home and grid; and software that optimize the schedule of household appliances. The PVs,
ESSs, and EVs are connected to the DC distribution system, where bidirectional DC/DC
converters are used; the household appliances are connected to the AC distribution system
(blue lines), where the PVs and ESSs are connected to them via a bidirectional DC/AC
inverter.
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2.2. Mathematical Energy Modeling

The decision-making of HEM relies on the day-ahead forecasted energy from PVs and
ESSs and the scheduled household appliances. Therefore, the mathematical modeling of the
HEM components helps us to study the feasibility of the optimal HEM before deploying it
in a real home. Using mathematical modeling, researchers can simulate different scenarios
and evaluate the performance of the HEM system under various conditions. This can help
to identify potential issues and optimize the system design before it is implemented in a
real-world setting.

2.2.1. PV Energy Modeling

As discussed above, the PV system is the main source of home electricity for zero-
energy buildings. The output power of the PVs (PPV) varies with the variations in the
irradiation (G) and ambient temperature (T), as in Equation (1) [37].

PPV(t) = PPVratedηinv(1 + αP(T(t)− T0))
G(t)
G0

(1)

where αP is the temperature coefficient of the power of PV cells, G0 and T0 are the irradiation
and temperature under standard test conditions (STCs) (G0 = 1000 W/m2 and T0 = 25 ◦C),
PPVrated represents the rated installed capacity of PVs at the STC, and ηinv is the efficiency
of a DC/AC inverter.

2.2.2. Battery Energy Modeling

The energy flow to or from the batteries depends on the state of charge (SOC) and
the maximum rate of charging or discharging power (PBmax). The stored battery energy
(εB(t + 1)) increases or decreases with each time step (∆t) during charging or discharging
states, as in Equation (2). Therefore, it is essential to monitor the SOC and Pch

B to ensure
efficient energy management and prevent damage to the batteries.

εB(t + 1) = εB(t) + ∆t
[

ηB
100

Pch
B −

100
ηB

Pdch
B

]
(2)

Pch,dch
B (t) ≤ Pch,dch

Bmax (3)

SOCB(t + 1) = εB(t+1)
EB

SOCBmin ≤ SOCB(t + 1) ≤ SOCBmax

(4)

where ηB is the total efficiency of DC/DC and DC/AC converters and εB is the total energy
storage of the battery.

2.2.3. EV Energy Modeling

An EV is modeled as a battery model, but it will function as a household appliance.
Therefore, the charging mode for EVs is considered in this study as follows.

εch
EV(t + 1) = εch

EV(t) +
ηEV
100

Pch
EV∆t (5)

Pch,dch
EV (t) ≤ Pch,dch

EVmax (6)

SOCEV(t + 1) = εEV(t+1)
EEV

SOCEVmin ≤ εEV(t + 1) ≤ SOCEVmax

(7)
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2.2.4. Demand Response Modeling

The main aim of this study is to help residential consumers reduce their carbon
footprint by installing clean energy resources and, at the same time, schedule their energy
consumption. The load demand is the required power by the household appliances (Phl),
including for the EV (PEV), as in Equation (8). This demand will be primarily supplied by
the installed renewable energy resources. Therefore, the load demand of the home (PL)
is fed by the PV power (PPV) and discharging battery power (Pdch

B ). If there is excess PV
power, it will first be used to charge the battery (Pch

B ) until it reaches SOCBmax; the excess
power can be sold to the grid after (Ps

g). However, if the demand power (PL) is higher
than the PV and ESS power, the shortage power will be bought from the grid (Pb

g ), as in
Equation (9).

PL(t) = Phl(t) + PEV(t) (8)

PL(t) =



PPV(t)− Pch
B (t), PL < PPV&SOCB < SOCmax

PPV(t)− Ps
g(t), PL < PPV&SOCB = SOCmax

PPV(t), PL = PPV
PPV(t) + Pdch

B (t), PL > PPV&SOCB > SOCmin&Pdch
B ≤ Pdch

Bmax
PPV(t) + Pb

g (t) + Pdch
Bmax(t), PL > PPV&SOCB > SOCmin& Pdch

B > Pdch
Bmax

PPV(t) + Pb
g (t), PL > PPV&SOCB = SOCmin

(9)

3. Optimization Methodology

The total demand power of homes (PL(t)) varies with the running time of appliances.
Therefore, the running time is the optimization variable of this study, which is an integer
value as it is usually coded as an index number for power flow (P(t)). Therefore, this paper
proposes stochastic algorithms based on random integer numbers, which have been called
the random integer search optimization (RISO) algorithm.

3.1. RISO Algorithm

Commonly, stochastic optimization utilizes a real random number between zero
and one; however, the index numbers of matrices in the coding programs are integer
numbers. Therefore, applying the famous optimization algorithms requires modifying
them to fit the integer variables [38], which affects their accuracy. In this work, we present
a straightforward optimization algorithm based on generating random integer numbers
called the random integer search optimization (RISO) algorithm. Firstly, this algorithm
randomly generates a vector of initial population agents (X), as in Equation (10). After that,
the cost function is computed for all population agents, and the agent with the lowest cost
is selected to be the best agent (X*), as in Equation (11). Furthermore, a random selection
for a random search agent (Xr) will be performed as in Equation (12). Then, the search
agents will be updated as in Equation (13). The boundary of the updated agent should be
checked to be within the lower and upper boundaries, as in Equation (15). The exploration
of the proposed algorithm is achieved by using the random selection of the search agent
(Xr); however, the exploitation is achieved by using the variable A. The pseudocode of the
proposed RISO algorithm is shown in Algorithm 1.

X = LB + N(UB− LB) (10)

f ∗ (X∗) = min[ f (X1), f (X2), · · · f (Xn)] (11)

Xr = Random[X1, X2, · · ·Xn] (12)
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X = X ∗+A|X ∗ −Xr| (13)

A = round(2× r× a− a)
a = 2− 2× itr

Max_itr
(14)

X ∈ [LB, UB] (15)

where LB and UB are the vectors of the lower and upper bounds of the optimization
variables, N is the random integer vector, r is a real random number (∈ [0, 1]), itr is the
current iteration, and Max_itr is the total number of iterations.

Algorithm 1 RISO algorithm.

Initialize the search agents X using Equation (10)
find the minimum cost function f*(X*)
While Itr less than Max_iter

Use Equation (12) to find a random search agent Xr
Do for all search agents

r = random number between [0, 1]
Use Equation (14) to find the value of a & A
Update the search agents X using Equation (13)
Check if the new search agents are within the boundaries as in Equation (15)
find the cost function for all search agents f(X) using Equation (16)

End Do
if f*(X*) > f(X), Update f*(X*) = f(X)

Itr = Itr + 1
End While
Output f*(X*) and X*

3.2. Objective Function

This study aims to reduce purchasing power from the grid to achieve zero-energy
buildings. Furthermore, selling the excess power to the grid can reimburse the capital cost
of installing renewable energy resources. Therefore, the minimum bought power from
the grid means the minimum cost function, so it is a proportional relationship. On the
other hand, the cost function will decrease with the increase in surplus generated power
to the grid, so the cost function is inversely related to the sold power to the grid, as in
Equation (16).

f = minCTotal = min(

T
∑

t=1
(cbPb

g (t)∆t)

T
∑

t = 1
Ps

g 6= 0

(csPs
g(t)∆t)

) (16)

where CTotal is the total cost and ∆t is the step time (h); cb, and cs are the cost of bought and
sold power ($/kWh).

3.3. Optimization Flowchart

In this section, Figure 2 displays the optimization flowchart. The demand power (PD)
from the grid should be zero wherever the generated PV power is enough to feed the load
power (PL). However, the surplus power can be first used to charge the battery system if the
battery system’s SOC is less than its maximum value, or it can be sold to the grid (Pg = PD)
if the SOC is at its maximum value. Otherwise, if the PV power is insufficient, the system
will draw power from the batteries to make up the difference. However, if the power
from the PV and batteries is insufficient to feed the demand, the power shortage will be
purchased from the grid. Using the RISO algorithm to determine the day-ahead schedule
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of household appliances based on the day-ahead weather forecast energy demand can help
reduce energy costs. Within the predetermined time window, the RISO will determine
the best time to turn on the appliances for homeowners. The total cost for the scheduled
home appliances is determined in (16). The optimization process will continue up until the
maximum number of iterations. The best schedule for the load profile is the final result of
this flowchart.
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4. Results and Discussion
4.1. Household Appliances

Figure 3 shows some of the common types of household appliances and the preferred
time range for them to be used in urban houses in Hong Kong. The prescribed comfort time
range is based on people’s common habits and needs to use these appliances. For example,
the starting point (tstart) of the range hood appliance is at 5:00 and the end time (tend) is at
17:00, while the duration time of operation is 30 min. The electric vehicle is considered as a
household appliance, where it is expected to receive energy in the time range of 00:00 to
9:00 with a duration of 2 h. The hourly load profile for a residential consumer is randomly
generated without optimization, as shown in Figure 4. It is clear that the EV charging time
interval is 3:30 to 5:30 with a duration time of 2 h. Moreover, the total energy consumption
at the end of the day is approximately 29 kWh. For the optimal load profile, the proposed
RISO algorithm can be applied to select the best starting time (t*start) in the time range
[tstart, tend − ∆τ]. Therefore, the proposed method is generalized and flexible enough to be
applied to select the optimal operating periods within any comfort time range, which can
be suggested by every homeowner.
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4.2. Weather Conditions Data

Section 2 describes that the PV power generation varies with the solar irradiation and
ambient temperature variations. Therefore, in this study, we employed real hourly data of
solar irradiation and temperature in Hong Kong on 1 January 2021, as shown in Figure 5.
We assumed that these data are the day-ahead forecasted weather conditions in the winter
to test the effectiveness of the proposed HEM. The peak solar radiation is almost 750 W/m2,
which occurred at 12:00.
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4.3. Case Study

Three scenarios were investigated and compared in this work. The primary source in
all scenarios is the PV system, and this work aims to reduce the purchased grid power while
simultaneously reducing the cost of energy consumption by using an optimal rescheduling
of the load profile. Therefore, we studied three scenarios of home energy management to
show the benefits of optimal load rescheduling. Table 1 shows the proposed three scenarios
of energy resources with or without an optimal schedule.
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Table 1. Scenarios of home energy management.

Scenario Energy Source Optimal Schedule

# 1 PV and Grid x

# 2 PV and Battery and Grid x

# 3 PV and Battery and Grid
√

4.3.1. Scenario 1

In this scenario, a residential house’s energy sources are presumed to be hybrid
photovoltaics (PVs) and the grid, with the load profile being depicted in Figure 4. The load
profile includes the charging of an electric vehicle (EV) at a rate of 6 kW for two hours
between 3:30 and 5:30 a.m., with the initial state of charge (SOC) being equal to 20% of
the total battery capacity (12 kWh). The other household appliances are used according
to the house occupation on the weekdays, where the load demand peaks in the morning
(7:30 to 9:00) and evening (16:00 to 17:00 and 20:00 to 22:00). The daily energy use is
approximately 29 kWh. The capacity of the PV system is 6 kW, which generates electrical
power based on the incident solar irradiance and ambient temperature, with the peak
power generation occurring during the noon hours. Figure 5 depicts Hong Kong’s sun
irradiation and temperature data for January. PV energy is used to meet load demand first,
and then the surplus energy is supplied into the grid. However, if the PV power generated
is less than the load requirement, the grid will satisfy the load demand, as illustrated in
Figure 6. Table 2 summarizes the total energy that is provided to and from the grid. In Hong
Kong, the feed-in tariff for power delivered to the grid is 5 HKD/kWh, while the rate for
energy acquired from the grid begins at 0.674 HKD/kWh. While the amount of purchased
and sold energy is nearly the same, the cost of sold energy is greater to encourage the
customers to install solar panels on their homes.
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Table 2. Total bought and sold energy daily from and to the grid for scenario 1.

Scenario #1 Energy (kWh) Cost (HKD/Day)

To grid 23.099007034166810 115.495

From grid 23.181314426499910 27.539

4.3.2. Scenario 2

In this scenario, the battery energy storage system (BESS) is used to reduce the carbon
footprint. The BESS’s total capacity is assumed to be 14 kWh, with an initial SOC of 80% of
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the total capacity. The PV power first meets the load demand, and the surplus power is
used to charge the BESS. Any excess PV power will be fed back into the grid if the BESS
is fully charged. If the PV power is less than the load demand, the BESS will discharge
and meet it. If the load demand exceeds the BESS’s maximum discharge power, the grid
supplies extra power. Furthermore, if the SOC of the BESS is 20% of the total capacity, the
BESS will stop discharging, and the load demand will be met solely by the grid, as shown
in Figure 7. By comparing Tables 2 and 3, it is obvious that the total energy purchased from
the grid in scenario 2 is reduced from 23 kWh to 6.6 kWh. Therefore, in addition to the cost
savings, the homeowner reduced around 75% of their carbon footprint, which helps them
to achieve the government policy to reduce greenhouse emissions.
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Table 3. Total bought and sold energy daily to and from the grid for scenario 2.

Scenario #2 Energy (kWh) Cost (HKD/Day)

To grid 11.801 59.01

From grid 6.607 5.37

4.3.3. Scenario 3

The carbon footprint is further minimized in this case by using load demand man-
agement. Customers can change the operating time of their household appliances within
their frequent interval operating period. The RISO algorithm redistributes the appliances’
consumption in their frequent interval operating time. The RISO is used to reduce the
grid-purchased electricity while increasing the clean energy feed-in to the grid. The objec-
tive function is the cost of purchased power divided by the cost of sold power. Figure 8
illustrates the cost savings that are associated with the RISO algorithm. Figure 9 illustrates
the shifting load demand and power supplied by the PVs, BESS, and grid. The amount
and cost of grid-purchased energy and grid-sold energy are given in Table 4. By comparing
Tables 3 and 4, the amount of grid energy purchased is lowered, resulting in a cost reduction
of 25% from 5.37 to 4.01 HKD/day. On the other hand, the amount of clean energy that is
sold to the grid is increased from 11.8 to 13.59 kWh, which results in an increase of nearly
9 HKD/day in revenue.
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Table 4. Total bought and sold energy per day from and to the grid for scenario 3.

Scenario #3 Energy (kWh) Cost (HKD/Day)

To grid 13.589513 67.947567
From grid 5.88477 4.01236

5. Conclusions

This paper introduced a novel optimization algorithm, the RISO algorithm, for a
comfortable home energy schedule. Consumers will save money and lessen their carbon
footprint without sacrificing comfort thanks to this comfort load schedule, even though
the utility will not pay for it. By planning the load demand within the user-friendly
usage window, the proposed RISO algorithm helps lower the cost of electricity from the
grid. The PV and battery systems are the study’s main energy sources. Grid power is
regarded as standby power for residences. The Hong Kong government also encourages
homeowners to contribute to lowering their carbon footprints by feeding extra PV power
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into the grid. Three scenarios, which were enacted with and without an optimal load
schedule, were researched to ascertain the efficacy of the proposed HEM system. The
obtained simulation results showed that, without compromising user comfort, the optimal
load schedule reduced the cost of energy consumption by almost 25%. Residential users
can therefore help reduce the grid’s carbon footprint by adding clean power to it or through
the construction of zero-energy buildings by adding more batteries to store the extra power.
In a future work, we will study the capital cost to implement the proposed method in a
real house.
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Nomenclature

εB Energy of battery (kWh)
G Solar irradiation (W/m2)
SOC State of charge
η Efficiency
αp Temperature coefficient of power
EB Total energy of battery (kWh)
PL Load power (kW)
PPV Output power of PV module (W)
PB Charging or discharging power of battery (kW)
Pg Grid power (kW)
PD Difference power (kW)
T Temperature (K)
PCH Charging power (kW)
PDSCH Discharging power (kW)
Pdcmax Maximum discharging power rate (kW)
Pcmax Maximum charging power rate (kW)

Abbreviations

RISO Random integer search optimization
PV Photovoltaic
HEM Home energy management
STC Standard test condition
ESS Energy storage system

References
1. Guan, Y.; Yan, J.; Shan, Y.; Zhou, Y.; Hang, Y.; Li, R.; Liu, Y.; Liu, B.; Nie, Q.; Bruckner, B.; et al. Burden of the global energy price

crisis on households. Nat. Energy 2023, 8, 304–316. [CrossRef]
2. Buildings. 2022. Available online: https://www.iea.org/reports/buildings (accessed on 1 April 2023).

https://doi.org/10.1038/s41560-023-01209-8
https://www.iea.org/reports/buildings


Sustainability 2023, 15, 9193 14 of 15

3. Luo, Y.; Zhang, L.; Liu, Z.; Yu, J.; Xu, X.; Su, X. Towards net zero energy building: The application potential and adaptability of
photovoltaic-thermoelectric-battery wall system. Appl. Energy 2020, 258, 114066. [CrossRef]

4. Fouad, M.M.; Iskander, J.; Shihata, L.A. Energy, carbon and cost analysis for an innovative zero energy community design. Sol.
Energy 2020, 206, 245–255. [CrossRef]

5. Li, X.; Lin, A.; Young, C.-H.; Dai, Y.; Wang, C.-H. Energetic and economic evaluation of hybrid solar energy systems in a residential
net-zero energy building. Appl. Energy 2019, 254, 113709. [CrossRef]

6. Feed-In Tariff. Available online: https://www.gov.hk/en/residents/environment/sustainable/renewable/feedintariff.htm
(accessed on 1 April 2023).

7. Liu, Y.; Ma, J.; Xing, X.; Liu, X.; Wang, W. A home energy management system incorporating data-driven uncertainty-aware user
preference. Appl. Energy 2022, 326, 119911. [CrossRef]

8. Xu, D.; Zhong, F.; Bai, Z.; Wu, Z.; Yang, X.; Gao, M. Real-time multi-energy demand response for high-renewable buildings.
Energy Build. 2023, 281, 112764. [CrossRef]

9. Qais, M.H.; Hasanien, H.M.; Alghuwainem, S.; Elgendy, M.A. Output Power Smoothing of Grid-Tied PMSG-Based Variable Speed
Wind Turbine Using Optimal Controlled SMES. In Proceedings of the 2019 54th International Universities Power Engineering
Conference, UPEC 2019, Bucharest, Romania, 3–6 September 2019; pp. 1–6. [CrossRef]

10. Zheng, S.; Qi, Q.; Sun, Y.; Ai, X. Integrated demand response considering substitute effect and time-varying response characteris-
tics under incomplete information. Appl. Energy 2023, 333, 120594. [CrossRef]

11. Haley, B.; Gaede, J.; Winfield, M.; Love, P. From utility demand side management to low-carbon transitions: Opportunities and
challenges for energy efficiency governance in a new era. Energy Res. Soc. Sci. 2020, 59, 101312. [CrossRef]

12. Silva, J.A.A.; López, J.C.; Guzman, C.P.; Arias, N.B.; Rider, M.J.; da Silva, L.C.P. An IoT-based energy management system for AC
microgrids with grid and security constraints. Appl. Energy 2023, 337, 120904. [CrossRef]

13. Javed, M.S.; Jurasz, J.; McPherson, M.; Dai, Y.; Ma, T. Quantitative evaluation of renewable-energy-based remote microgrids:
Curtailment, load shifting, and reliability. Renew. Sustain. Energy Rev. 2022, 164, 112516. [CrossRef]

14. Korjani, S.; Casu, F.; Damiano, A.; Pilloni, V.; Serpi, A. An online energy management tool for sizing integrated PV-BESS systems
for residential prosumers. Appl. Energy 2022, 313, 118765. [CrossRef]

15. Zhu, X.; Sun, Y.; Yang, J.; Dou, Z.; Li, G.; Xu, C.; Wen, Y. Day-ahead energy pricing and management method for regional
integrated energy systems considering multi-energy demand responses. Energy 2022, 251, 123914. [CrossRef]

16. Jani, A.; Karimi, H.; Jadid, S. Two-layer stochastic day-ahead and real-time energy management of networked microgrids
considering integration of renewable energy resources. Appl. Energy 2022, 323, 119630. [CrossRef]

17. Golmohamadi, H.; Keypour, R.; Bak-Jensen, B.; Pillai, J.R. Optimization of household energy consumption towards day-ahead
retail electricity price in home energy management systems. Sustain. Cities Soc. 2019, 47, 101468. [CrossRef]

18. Torres, D.; Crichigno, J.; Padilla, G.; Rivera, R. Scheduling coupled photovoltaic, battery and conventional energy sources to
maximize profit using linear programming. Renew. Energy 2014, 72, 284–290. [CrossRef]

19. Dao, V.T.; Ishii, H.; Takenobu, Y.; Yoshizawa, S.; Hayashi, Y. Intensive quadratic programming approach for home energy
management systems with power utility requirements. Int. J. Electr. Power Energy Syst. 2020, 115, 105473. [CrossRef]

20. Wu, X.; Hu, X.; Yin, X.; Zhang, C.; Qian, S. Optimal battery sizing of smart home via convex programming. Energy 2017, 140,
444–453. [CrossRef]

21. Li, H.; Zeng, P.; Zang, C.; Yu, H.; Li, S. An Integrative DR Study for Optimal Home Energy Management Based on Approximate
Dynamic Programming. Sustainability 2017, 9, 1248. [CrossRef]

22. Javadi, M.S.; Nezhad, A.E.; Nardelli, P.H.J.; Gough, M.; Lotfi, M.; Santos, S.; Catalão, J.P.S. Self-scheduling model for home energy
management systems considering the end-users discomfort index within price-based demand response programs. Sustain. Cities
Soc. 2021, 68, 102792. [CrossRef]

23. Anvari-Moghaddam, A.; Monsef, H.; Rahimi-Kian, A. Optimal Smart Home Energy Management Considering Energy Saving
and a Comfortable Lifestyle. IEEE Trans. Smart Grid 2015, 6, 324–332. [CrossRef]

24. Qais, M.; Abdulwahid, Z. A new method for improving particle swarm optimization algorithm (TriPSO). In Proceedings of
the 2013 5th International Conference on Modeling, Simulation and Applied Optimization (ICMSAO), Hammamet, Tunisia,
28–30 April 2013; pp. 1–6. [CrossRef]

25. El Makroum, R.; Khallaayoun, A.; Lghoul, R.; Mehta, K.; Zörner, W. Home Energy Management System Based on Genetic
Algorithm for Load Scheduling: A Case Study Based on Real Life Consumption Data. Energies 2023, 16, 2698. [CrossRef]

26. Wang, X.; Mao, X.; Khodaei, H. A multi-objective home energy management system based on internet of things and optimization
algorithms. J. Build. Eng. 2021, 33, 101603. [CrossRef]

27. Reghukumar, R.; Sambhu, S.; Ravikumar Pandi, V. Multi-Objective Optimization for Efficient Home Energy Management System
using Differential Evolution Algorithm. In Proceedings of the 2018 3rd IEEE International Conference on Recent Trends in
Electronics, Information & Communication Technology (RTEICT), Bangalore, India, 18–19 May 2018; pp. 1157–1162. [CrossRef]

28. Isa, N.M.; Wei, T.C.; Yatim, A.H.M. Energy management system employing harmony search algorithm for hybrid cogeneration.
In Proceedings of the 5th IET International Conference on Clean Energy and Technology (CEAT2018), Kuala Lumpur, Malaysia,
5–6 September 2018; pp. 1–7. [CrossRef]

29. Khan, F.A.; Ullah, K.; ur Rahman, A.; Anwar, S. Energy optimization in smart urban buildings using bio-inspired ant colony
optimization. Soft Comput. 2023, 27, 973–989. [CrossRef]

https://doi.org/10.1016/j.apenergy.2019.114066
https://doi.org/10.1016/j.solener.2020.05.048
https://doi.org/10.1016/j.apenergy.2019.113709
https://www.gov.hk/en/residents/environment/sustainable/renewable/feedintariff.htm
https://doi.org/10.1016/j.apenergy.2022.119911
https://doi.org/10.1016/j.enbuild.2022.112764
https://doi.org/10.1109/upec.2019.8893530
https://doi.org/10.1016/j.apenergy.2022.120594
https://doi.org/10.1016/j.erss.2019.101312
https://doi.org/10.1016/j.apenergy.2023.120904
https://doi.org/10.1016/j.rser.2022.112516
https://doi.org/10.1016/j.apenergy.2022.118765
https://doi.org/10.1016/j.energy.2022.123914
https://doi.org/10.1016/j.apenergy.2022.119630
https://doi.org/10.1016/j.scs.2019.101468
https://doi.org/10.1016/j.renene.2014.07.006
https://doi.org/10.1016/j.ijepes.2019.105473
https://doi.org/10.1016/j.energy.2017.08.097
https://doi.org/10.3390/su9071248
https://doi.org/10.1016/j.scs.2021.102792
https://doi.org/10.1109/TSG.2014.2349352
https://doi.org/10.1109/ICMSAO.2013.6552560
https://doi.org/10.3390/en16062698
https://doi.org/10.1016/j.jobe.2020.101603
https://doi.org/10.1109/RTEICT42901.2018.9012604
https://doi.org/10.1049/cp.2018.1302
https://doi.org/10.1007/s00500-022-07537-3


Sustainability 2023, 15, 9193 15 of 15

30. Ayub, S.; Ayob, S.M.; Tan, C.W.; Ayub, L.; Bukar, A.L. Optimal residence energy management with time and device-based
preferences using an enhanced binary grey wolf optimization algorithm. Sustain. Energy Technol. Assess. 2020, 41, 100798.
[CrossRef]

31. Ahmed, M.S.; Mohamed, A.; Khatib, T.; Shareef, H.; Homod, R.Z.; Ali, J.A. Real time optimal schedule controller for home energy
management system using new binary backtracking search algorithm. Energy Build. 2017, 138, 215–227. [CrossRef]

32. Drir, N.; Chekired, F.; Rekioua, D. An integrated neural network for the dynamic domestic energy management of a solar house.
Int. Trans. Electr. Energy Syst. 2021, 31, e13227. [CrossRef]

33. Radha, K.S.; Priya, R.; Jeevitha, K. Energy Management based on K-Nearest Neighbour Approach in Residential Application. In
Proceedings of the 2023 Third International Conference on Artificial Intelligence and Smart Energy (ICAIS), Coimbatore, India,
2–4 February 2023; pp. 966–971.

34. Langer, L.; Volling, T. A reinforcement learning approach to home energy management for modulating heat pumps and
photovoltaic systems. Appl. Energy 2022, 327, 120020. [CrossRef]

35. Jindal, A.; Kumar, N.; Singh, M. Internet of energy-based demand response management scheme for smart homes and PHEVs
using SVM. Futur. Gener. Comput. Syst. 2020, 108, 1058–1068. [CrossRef]

36. Cao, Z.; Han, X.; Lyons, W.; O’Rourke, F. Energy management optimisation using a combined Long Short-Term Memory recurrent
neural network—Particle Swarm Optimisation model. J. Clean. Prod. 2021, 326, 129246. [CrossRef]

37. Qais, M.H.; Muyeen, S.M. A Novel Adaptive Filtering Algorithm Based Parameter Estimation Technique for Photovoltaic System.
IEEE Trans. Energy Convers. 2022, 37, 286–294. [CrossRef]

38. Alqaili, A.; Qais, M.; Al-Mansour, A. Integer Search Algorithm: A New Discrete Multi-Objective Algorithm for Pavement
Maintenance Management Optimization. Appl. Sci. 2021, 11, 7170. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.1016/j.seta.2020.100798
https://doi.org/10.1016/j.enbuild.2016.12.052
https://doi.org/10.1002/2050-7038.13227
https://doi.org/10.1016/j.apenergy.2022.120020
https://doi.org/10.1016/j.future.2018.04.003
https://doi.org/10.1016/j.jclepro.2021.129246
https://doi.org/10.1109/TEC.2021.3090943
https://doi.org/10.3390/app11157170

	Introduction 
	Home Energy Management System 
	System Description 
	Mathematical Energy Modeling 
	PV Energy Modeling 
	Battery Energy Modeling 
	EV Energy Modeling 
	Demand Response Modeling 


	Optimization Methodology 
	RISO Algorithm 
	Objective Function 
	Optimization Flowchart 

	Results and Discussion 
	Household Appliances 
	Weather Conditions Data 
	Case Study 
	Scenario 1 
	Scenario 2 
	Scenario 3 


	Conclusions 
	References

