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In this work, a preference-based, demand response (DR) multi-objective optimization model based on
real-time electricity price is presented to solve the problem of optimal residential load management. The
purpose of such a model is threefold: 1) to minimize the costs associated with consumption; 2) to
minimize the inconvenience caused to consumers; and 3) to minimize environmental pollution. Potential solutions to the underlying multi-objective optimization problem are subject to a set of electrical
and operational constraints related to home appliances categories and the utilization of distributed
energy resources (DER) and energy storage systems (ESS). The use of the proposed model is illustrated in
a realistic microgrid scenario where suitable solutions were found by the Non-Dominated Sorting Genetic Algorithm III (NSGA-III). These solutions determine new operational periods for home appliances as
well as the utilization of DER and ESS for the planning horizon while considering consumer preferences.
Besides helping consumers to take advantage of the beneﬁts offered by DR, the experimental results
show that the multi-objective DR model together with the NSGA-III algorithm can effectively minimize
energy-consumption costs as well as reduce inconvenience costs and environmental pollution.
© 2020 Elsevier Ltd. All rights reserved.
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1. Introduction
The consistent growth in electricity demand is considered one
of the most signiﬁcant problems power grids currently face, as this
situation leads to greater complexity in the electricity supply
n-Blay et al., 2019; Risbeck et al., 2018).
(Hoseini et al., 2014; Rolda
Therefore, studies on the efﬁciency and reliability of electric power
systems are necessary to prevent, among other problems, electricity supply interruptions and an increase in energy prices (Dai
et al., 2017; Li et al., 2015; Althaher et al., 2015; Sou et al., 2011).
At the same time, environmental issues, such as air pollution,
global warming, and the worldwide depletion of conventional energy sources, are also urgently begging for solutions (Siddaraj and
Tangi, 2016; Ni
zetic et al., 2019). A solution to alleviate these
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issues relies on incorporating an advanced metering infrastructure
(AMI), combined with information and communication technologies
(ICT) and smart meters (SM) through a smart grid (SG). An SG consists of integrating ICT to a traditional grid in order to improve both
the interaction with the users and operational efﬁciency (Zhao
et al., 2013). With recent technological advancements, applications based on the Internet of Things (IoT) and data mining can offer
great solutions in the SG area by improving two-way communication schemes and by effectively analyzing power data. This, in turn,
results in a better understanding of patterns in electricity consumption and a potential reductions in the associated costs.
Park et al. (2017) state that the use of electrical resources can be
optimized by demand response (DR) control methodologies
together with smart appliances, thus leveraging a grid’s current
capacity more efﬁciently without modifying its infrastructure
(Palensky and Dietrich, 2011; Goswami and Kreith, 2015). From an
SG perspective, Goswami and Kreith (Muratori et al., 2014) as well
as Muratori et al. (Parvania and Fotuhi-Firuzabad, 2010) deﬁne
demand response as a program that aims at incentivizing
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consumers to alter their electricity consumption patterns through
incentives or beneﬁts, either based on changes in the electricity
price over time or when the power grid operation is jeopardized.
Therefore, demand response techniques (Deng et al., 2015), such as
direct load control, time-of-use pricing, and real-time pricing, are
used to match the energy demand with available power, thus
improving grid stability to mitigate the adverse effects of high price
volatility for both the utility and the consumer (Siano, 2014). Pricebased DR programs are the most common schemes, in which a tariff
model is used to help the consumer adjust his energy consumption
based on electricity price variation.
Given the above discussion, one can note that DR programs can
be well-deﬁned within the context of microgrids. A microgrid (MG)
can be described as a cluster of distributed energy resources (DER),
which includes renewable energy resources (RER), non-renewable
energy resources, energy storage systems (ESS), electric vehicles (EV),
and local loads, all of which operate connected to the main grid or
in islanding mode (Martin-Martínez et al., 2016). ESSs and EVs can
also present new opportunities for DR techniques as they can be
employed to store energy when demand is low compared to the
amount being produced by RERs, and discharge it in times of
shortage or peak demands. MGs allow for more efﬁcient, reliable,
and environmentally friendly energy production by increasing
distributed generation (DG), mainly through RER, as well as
distributed ESS, thus reducing the utilization of fossil fuels
(Hatziargyriou, 2014; Liang and Zhuang, 2014).
In an MG scenario, besides home appliances (Fang et al., 2012;
Gao et al., 2012; Vardakas et al., 2015), residential consumers may
also have a DER, which may include RER and non-renewable energy
resources, and an ESS, which may consist of an EV. All these components need to be taken into account to guarantee an equilibrium
between electric energy supply and load (Pipattanasomporn et al.,
2012). Moreover, MG energy management must consider consumer
usage preferences, aside from electricity price variation, thus
enabling a reduction of consumption costs and the environmental
pollution caused by DER (Fang et al., 2012). Additionally, there is
also the need for recalculating a load schedule if any interference
occurs along the planning horizon to ensure the beneﬁts of DR.
MG energy management has been studied under different perspectives, e.g., regarding to the improvement in dynamic performance when considering economic aspects (Mohan et al., 2016; Li
and Fang, 2016), when optimizing both operational cost and economic performance (Wang et al., 2016; Yunjia et al., 2017; Nguyen
and Crow, 2016; De Leone et al., 2017; Zeng et al., 2019), and reliability studies (Nikmehr and Ravadanegh, 2016). Although many
other studies have analyzed DR problems under different scenarios
and approaches (Pop et al., 2018; Karaboghossian and Zito, 2018;
Zunnurain and Maruf, 2017; Li et al., 2017; Jovanovic et al., 2016;
Tabar et al., 2017; Liasi and Golkar, 2017; Tushar et al., 2018; Yang
and Fang, 2017; Dong and Chen, 2019; Elsayed et al., 2018;
Herath et al., 2019), a thorough search of the relevant literature did
not yield a single work that investigates and proposes a preferencedriven DR optimization model (Thiele et al., 2009) considering
home appliance operational characteristics and the utilization of
DER within a mechanism that allows for adjustments in scheduling.
The above said, as the scheduling of home appliances and DER,
which includes RER and ESS, in the same functioning period requires availability and detailed knowledge on the part of consumers
(Rastegar and Fotuhi-Firuzabad, 2015), our work proposes a DR
mechanism for energy management in an MG where consumer
preferences and electricity price variability are taken into account.
The proposed mechanism is deﬁned by a preference-based multiobjective programming model, which aims at simultaneously
optimizing electricity consumption cost, consumer satisfaction, and
environmental pollution. The possibility of rescheduling along the

planning horizon by allowing a user to manually interfere in the
schedule to maintain his/her DR ﬁnancial and operational beneﬁts
is also considered.
We study a typical MG, where the production side includes
photovoltaic panel (PV) and a wind turbine (WT) system as renewable energy resources, a microturbine (MT) and home fuel cells (HFC)
as components of the DER, and an ESS which consists of a system of
batteries and an electric vehicle. In our experiments, the Constrained Non-Dominated Sorting Genetic Algorithm (NSGA-III) (Deb
and Jain, 2014) is applied to solve the proposed multi-objective
optimization problem. In particular, several computational simulations are carried out to demonstrate the efﬁciency and viability of
the proposed methodology. Our ultimate contributions and the
beneﬁts of our approach are listed below:
(1) A DR mechanism to optimize the functioning of diverse
categories of home appliances, considering various scheduling horizons, real-time prices, and interferences in the
optimized schedule. With this, the level of consumer
dissatisfaction/discomfort, aside from energy consumption
costs and environmental pollution, can be minimized;
(2) The DR model can analyze a user’s interference in the
currently suggested schedule, reschedule the consumer’s
loads, and evaluate any inconvenience caused;
(3) The ability to assess both hourly and thermal inconveniences
for end consumers, which allows them to properly evaluate
whether to join a DR program;
(4) The DR model can be deployed to any region and energy
layout as the inconvenience scheme considers diverse effects
on residential electricity consumption, such as geographic
area, varied meteorologic conditions and temperatures, usage preferences and electricity price;
(5) The preference-based mechanism is effectively tailored to
the desired goals, which increases performance and decreases the use of computational resources.
The rest of this work is presented as follows. Section 2 describes
the layout of the microgrid management system and the mathematical formulation concerning the DR aiming to minimize energy
consumption cost, inconvenience cost, and environmental pollution. Moreover, Section 2 describes the NSGA-III optimization
technique, which is used when ﬁnding optimal solutions to the
proposed optimization problem. Section 3 presents a case study
that shows the simulation scenarios and the obtained results in the
experiments using the DR optimization model and NSGA-III.
Finally, Section 4 describes the beneﬁts and limitations of this
work and suggests future research work.
2. Research methodology
This section shows the demand response multi-objective optimization model that manages all the loads considering the realtime pricing program (Wang et al., 2013), the operational aspects
of appliances, DER, RER, ESS, and the possible environmental
pollution. It also presents the main concepts behind NSGA-III, the
technique used to ﬁnd optimal solutions to the proposed optimization problem.
2.1. Optimization model
In the proposed multi-objective DR optimization model, three
points related to load management are considered. The ﬁrst one is
the cost associated with electricity consumption, which is the value
paid by the consumer to the power utility. It is represented by the
product of electricity price and electric energy consumption at each
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time interval t. As the objective is to minimize this cost, the goal is
to shift energy consumption from periods when the price of electricity is high to those when it is low. But this change in electricity
consumption may affect the consumer’s use of home appliances as
periods of low electricity price may not be suitable for the use of
certain appliances, e.g., because the consumer is not at home to, say,
watch TV or because the operation of the appliance might not be
necessary at that time, such as turning on LED lights in the morning.
This concern leads to the second point, which is the concept of
inconvenience caused by the load shifting.
Since inconvenience is an abstract concept and may vary from
one consumer to another, two pieces of information are necessary
to calculate a representative inconvenience value. The ﬁrst one is
related to the type of operation that each consumer associates with
each one of his/her home appliances, where two main characteristics are considered: if the appliance can be stopped and if it can be
postponed. Three categories are then created based on those
characteristics (Chen et al., 2012), namely: 1) interruptible and
deferrable (AI ); 2) uninterruptible and deferrable (AII ); and 3) uninterruptible and non-deferrable (AIII ). The ﬁrst one (AI ) refers to appliances that can have their operations postponed and can be
stopped at any time interval. The second (AII ) is related to appliances that can be postponed, but as soon as they start working, they
can no longer be interrupted. The last category (AIII ) is designated
for appliances that can neither be interrupted nor postponed. The
second information is related to the type of discomfort that the
consumer may experience after the load shifting. In this case, two
situations are deﬁned: the changes in the operation time of home
appliances in general and the changes in the indoor temperature
caused by the operation of thermal home appliances. These situations are called hourly inconvenience and thermal inconvenience,
respectively, and are used to calculate the total inconvenience
caused to the consumer in monetary values. Consumers’ personal
preferences deﬁne the category of appliances and inconvenience
types.
The last point considered in the multi-objective DR optimization
model is the environmental pollution caused by the consumer. The
reduction in air pollutant emission can be achieved in the load
shifting and the integration of DER, especially RER, as this measure
allows to reduce the energy consumption in peak periods (Parvania
and Fotuhi-Firuzabad, 2010). The reduction of electricity usage in
peak periods leads the power utility to keep the generation without
the use of supplementary sources of energy, which often implies
burning fossil fuels in power plants (de Aragao et al., 2017; Mendes
et al., 2016).
The above-discussed points make up the objectives of the DR
optimization model proposed in this paper. For the implementation
in a microgrid environment composed by smart homes, the Home
Energy Management System (HEMS) proposed by Veras et al.
(1810) was used. A HEMS is deﬁned as a mechanism that grants
energy management services to monitor the generation, storage,
and the electricity consumption in smart homes in an efﬁcient way
(Esther and Kumar, 2016). A HEMS is composed of technologies for
advanced metering infrastructure (AMI), aside from smart meters
(SMs), and an energy management controller (EMC) (Veras et al.,
1810). The AMI provides bidirectional intercommunication between the power utility and smart meters. The SMs collect electrical energy consumption data from different devices and receive
real-time electricity prices from the service provider (Avancini
et al., 2019). The EMC manages the energy consumption and production in the smart home. This management is made by the DR
model proposed in this paper, which is responsible for determining
the home appliances scheduling and the usage of DER, RER, and the
ESS aiming to minimize the costs related to energy consumption,
the inconvenience caused to the consumer due to the load shifting,
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and the environmental pollution.
In addition to the shift in the operation schedule of appliances,
the presence of an EV in a smart home, as a part of the ESS, can lead
to a decrease in the cost of electricity consumption. The reason for
this is that an EV’s battery can be charged in periods when the
electricity price is low and discharged to supply home appliances
when the price is high.
Fig. 1 shows the DR optimization procedure using the proposed
DR model in a HEMS architecture. Initially, the SM receives the
electric energy price information for the entire planning horizon
through the AMI, as shown in step 1. After this, in step 2, the EMC
calculates the optimized schedule of home appliances, DER, RER,
and the charge/discharge cycle of ESS based on the received electricity prices. With the schedule now deﬁned, the EMC manages all
the optimized loads, and the consumer can start using the home
appliances, as shown in step 3. During the usage, the SM can
monitor the electricity use and send consumption information to
the consumer. The consumer can also choose not to follow the
optimized schedule at any time,e.g., by turning on an appliance
while it should be turned off. This naturally means that the calculated optimized schedule becomes invalid. To solve this issue, after
the time interval that such situation happens, which is called user
interference, the SM informs the EMC that a new schedule must be
determined (step 4). After the new calculations, the EMC returns to
manage the optimized loads. In this work, it is assumed that smart
plugs can detect the on/off status of the appliances connected to
them. The above procedures are modeled and formulated as an
optimization problem in the next subsection.
2.2. Mathematical formulation
The multi-objective mathematical formulation of the DR model
proposed in this paper has three objective functions: f1, f2, and f3.
The objective function f1 is related to costs associated with electricity consumption. The objective function f2 relates to the cost
associated with the inconvenience caused to end customers
considering the optimized energy consumption schedule. Lastly,
the third function f3 is related to the environmental pollution
associated with the energy consumption schedule. The common
characteristics of power consumption and appliance-operating
constraints for the objective functions f1, f2, and f3 are presented
in (Veras et al., 1810).
2.2.1. Cost minimization
The function f1 measures the costs associated with electricity
consumption, and it evaluates the manner in which the energy
consumption schedule can modify the consumption-associated
cost. The minimization equation of f1 is formulated as follows:

Minimize

N
X
i¼1

Ei

T h
X

Prt  SATHt;i
t¼1


2 i
þ MTðtÞ þ HFCðtÞ
 1  SDERTHt;i  SESSTHt;i


(1)

where N is the number of home appliances; Ei , for i2f1; …; Ng, is
the vector for the rated power factor of home appliance i when it is
on; T represents the planning horizon; the electricity price for time
t is represented by Prt; SATH (Setup of Appliances over TimeHorizon), SDERTH (Setup of Distributed Energy Resources over
Time-Horizon), and SESSTH (Setup of Energy Storage System over
Time-Horizon) are binary matrices deﬁning the setup of operation
of, respectively, home appliances, distributed energy resources, and
the energy storage system over the planning horizon. Collectively,
these matrices represent the decision variables in the optimization
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Fig. 1. Flowchart of the demand response optimization procedure.

problem; MT(t) and HFC(t) deﬁne the fuel cost models at time t for,
respectively, the microturbine and home fuel cell. We elaborate on
each component of f1 next.
The SATH matrix deﬁnes the schedule of home appliances that
consume power from the main grid. At each time interval t, it determines whether the home appliance i is on or not. Mathematically, SATH is deﬁned as follows:


SATHt;i ¼

1;
0;

if home appliance i is on at interval t;
otherwise:



1;
0;



1;
0;

(6)

U
rD
HFC  PHFC ðtÞ  rHFC ; t2f1; …; Tg

(7)

Ei  SDERTHt;i  PMT ðtÞ þ PHFC ðtÞ; t2f1; …; Tg

The SESSTH matrix deﬁnes the schedule of home appliances

(4)

(3)

that utilize power from the ESS. Mathematically, SESSTH is deﬁned
as follows:

if appliance i is consuming power from ESS at time t;
otherwise:

1
P ðtÞ
 MT
LHRng
εMT
t

(8)

i¼1

if appliance i is consuming power from any DER at time t;
otherwise:

are the output power of MT and HFC at time t; Prng
t is the natural gas
price to supply MT and HFC at time t; LHRng is the fuel lower
heating rate; εtMT and εtHFC represent the efﬁciency of MT and HFC
at time t. Eqs. (6) and (7) state that the ramp rate limits of MT and
U
D
U
HFC cannot be violated, where rD
MT , rMT , rHFC and rHFC are, respectively, the down/up ramp rate of MT and HFC. Ramp rate is the
increase/decrease of output power in adjacent time intervals,
which reﬂects the performance of the DERs. Eq. (8) deﬁnes an
inequality constraint for ensuring that the consumption of
distributed energy resources by home appliances is lower than or
equal to the output power of the DER system.

MTðtÞ ¼ Prng
t 

(5)

U
rD
MT  PMT ðtÞ  PMT ðt  1Þ  rMT ; t2f2; …; Tg

N
X

In this work, DER is composed by a microturbine (MT) and a
home fuel cell (HFC). Eqs. (4) and (5) deﬁne, respectively, the fuel
cost models at time t for the MT and HFC, where PMT(t) and PHFC(t)

SESSTHt;i ¼

1
P ðtÞ
 HFC
LHRng
εHFC
t

(2)

The SDERTH deﬁnes the schedule of home appliances that
consume power from DER. Mathematically, SDERTH is deﬁned as
follows:

SDERTHt;i ¼

HFCðtÞ ¼ Prng
t 

(9)

In this work, the ESS is deﬁned by an electric vehicle (EV) and a
system of batteries connected to the renewable energy resources,
i.e., the photovoltaic system (PV), and the wind turbine (WT)
installed in the consumer’s house. We discuss these systems next.

2.2.1.1. Photovoltaic system. The PV system utilizes a linear power
source, which is based on the ambient temperature (Tamb) and the
irradiance level (Sirr) (Skoplaki and Palyvos, 2009; Luque and
Hegedus, 2011). PV output power depends on cell temperature
and solar irradiance at the maximum power point situation
(Riffonneau et al., 2011). Eq. (10) calculates the temperature of the
m-th cell in the PV system, where Tamb is the ambient air temperature, Sirr and Sref
irr are, respectively, the solar irradiance and the
nominal operating solar irradiance for the cell; and NOCT indicates
the nominal operating cell temperature.
Eq. (11) calculates the output power of the PV system at each
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time t, for t2f1; …; Tg. Pref
PV is the standard rated PV power at the
maximum power point, where g indicates the power temperature
coefﬁcient at the maximum power point, Tref
m is the m-th cell
standard temperature, and NPVs and NPVp are, respectively, the
number of modules in series and in parallel in the PV system.

Tm ðtÞ ¼ Tamb þ

PPV ðtÞ ¼ Pref
PV 

Sirr
Sref
irr
Sirr

Sref
irr

 ðNOCT  20Þ; t2f1; …; Tg

(10)




 1 þ g  Tm ðtÞ  Tref
m


  NPVs  NPVp ; t2f1; …; Tg

(11)

2.2.1.2. Wind turbine. The wind turbine (WT) output power is
calculated by Eq. (12) (Lal et al., 2011; Daud and Ismail, 2012):

Pw ðtÞ ¼ r  A  Cp ða; lÞ  v3w

(12)

where r indicates the air density (1.225 kg/m at sea level); A is the
area swept by the rotor blades (in m2 ); the wind speed upstream
(m/s) of the rotor is given by vw; ﬁnally, Cp represents the aerodynamic power coefﬁcient calculated using the blade-pitch-angle l
(degrees) and a tip speed ratio a.

daily
EV2G ðTDEP Þ  Emax
V2G  m

(15)

EV2G ðTARR Þ ¼ EV2G ðTDEP Þ  DT  CR

(16)

2.2.1.4. Energy storage system. The ESS acts as a storage of electrical
energy generated by the PV system and WT turbine and stored by
the EV, as well as a source of power for the home appliances when
the energy prices are high (Mathiesen et al., 2015). Mathematically,
the energy storage system is described through Eq. (17)e(23)
(Motevasel and Seiﬁ, 2014):

PESS ðtÞ ¼ ES ðtÞ  ES ðt  1Þ t2f1; …; Tg

(17)

Emin
 ES ðtÞ  Emax
; t2f1; …; Tg
S
S

(18)

Emin
 ES ð0Þ 
S

char
disch
battery, as stated in Eq. (13), where Pmax
V2G , PV2G(t), hV2G , and hV2G
are, respectively, the EV’s maximum output power, the output
power at time interval t, the charging and discharging coefﬁcients.
The EV can only be used as a source of power for home appliances
when it is at home, as stated in Eq. (14), where EV2G(t) represents
the EV’s energy stored in the battery at time t, and TDEP and TARR
are the departure and arrival time intervals. Eq. (15) states that the
EV’s charge at departure time must be higher than the charge
daily
deﬁned by the consumer, where Emax
are the EV’s
V2G and m
maximum storage capacity and minimum daily charge at departure. As the EV arrives at home, the battery’s charge must be equal
to the charge at the departure time minus the discharge occurred
during the travel, as stated in Eq. (16), where DT and CR are the EV’s
traveled distance and the energy consumption rate.

Pmax
disch
V2G
 PV2G ðtÞ  Pmax
V2G  hV2G ; t2f1; …; Tg
hchar
V2G

(13)

PV2G ðtÞ ¼ EV2G ðtÞ  EV2G ðt  1Þ; t2f½1; TDEP Þ∪½TARR ; Tg

(14)

t
X

ðPESS ðkÞÞ  Emax
 ES ð0Þ; t2f1; …; Tg
S

(19)

k¼1

ES ð0Þ ¼ ES ðTÞ

(20)

uEC  PESS ðtÞ  Pmax
Echar ; t2f1; …; Tg

(21)

PESS ðtÞ
2.2.1.3. Vehicle-to-grid and vehicle-to-home. The batteries in an
electric vehicle (EV) could be used not only to propel the vehicle,
but also to store electrical energy and inject it back into the system
or use it as a source of power for home appliances in a smart home.
Both situations may occur when there is an economic or technical
beneﬁt in doing so. The operation in which the EVs inject electric
energy back into the grid is referred to as vehicle-to-grid (V2G) and,
when the energy is used as a power source for home appliances,
that operation is called vehicle-to-home (V2H) (Kempton and Tomi
c,
2005; Tomi
c and Kempton, 2007; Guille and Gross, 2009; Liu et al.,
2013; Monteiro et al., 2016).
It is necessary to specify some constraints that allow the use of
an electric vehicle’s battery as a part of the ESS. For preserving the
battery’s state of health, the limitations for charging and discharging operations are given by the maximum efﬁciency of the

5

uED

 Pmax
Edisch ; t2f1; …; Tg

(22)

where ES(t) is the battery’s stored energy at time t; PESS(t) is the
and Emax
are, respectively,
battery’s output power at time t; Emin
S
S
the minimum/maximum battery’s capacity. Eq. (17) states that the
available battery’s output power at time t, PESS(t), corresponds to
the difference between the battery’s stored energy at two consecutive time intervals. Eq. (18) states that the energy currently stored,
ES(t), must be limited between the minimum and maximum levels
and Emax
to avoid the battery’s lifetime reduction.
deﬁned by Emin
S
S
Charging and discharging powers at each time t are limited by the
actual energy stored in the battery, as shown in Eq. (19). The initial,
ES(0), and ﬁnal, ES(T), state of the battery load must be the same as
described by Eq. (20). The limitation on charging/discharging for
the batteries in the ESS are shown in Eqs. (21) and (22), where
max
P max
Echar and P Edisch are the maximum capacity of charging/discharging. Finally, Eq. (23) states that the consumption of energy
provided by the ESS must be lower or equal to its output power.
N
X

Ei  SESSTHt;i  PESS ðtÞ; t2f1; …; Tg

(23)

i¼1

2.2.2. Inconvenience minimization
The function f2 measures the obtained inconvenience level and
evaluates how the optimized electrical energy consumption
schedule impacts consumer satisfaction/comfort. The minimization
of function f2 is:
N 
T X
X



hourly 
Incvt;i
Minimize
SATHt;i þ Incvthermal
SATHt;i
t;i
t¼1 i¼1

(24)
Eq. (24) evaluates the consumption cost associated with two
types of inconvenient situations previously speciﬁed by the
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consumer. The greater the inconvenience, the higher the cost
calculated through Eq. (24). This cost, in turn, is expressed in
monetary values based on the energy price coming from the utility
and on how far the scheduled times are from what is desired by the
consumer. These situations are expressed through operating hours
and thermal conditions that each appliance must meet, as speciﬁed
by the consumer.
The inconvenience is deﬁned in two ways: the hourly inconvenience and the thermal inconvenience. The hourly inconvenience
calculates the electricity consumption-associated cost in which
home appliances are used at inconvenient times according to the
operational proﬁle deﬁned by the consumer. Such a proﬁle is
deﬁned by two ordered sets of elements, ProﬁleTime and ProﬁleReq,
that allow the home appliances to operate within multiple starting/
ending times. These vectors are better explained in Subsection
2.2.5. Each home appliance i has a Size_Proﬁlei, which is the
number of different operations deﬁned for that speciﬁc home
appliance along the planning horizon. Each operation must have a
starting and an ending time interval. Based on that, the hourly
inconvenience is deﬁned by the Incvhourly
t, i (SATHt,i) function as
follows:

8


j
j
>
if t < STi ;
>
> Prt  STi  t  SATHt;i ;
>
<


j
j
Incvhourly
SATHt;i ¼
0;
if STi  t  ETi ;
t;i
>


>
>
j
j
>
:
Prt  t  ETi  SATHt;i ;
if t > ETi :
(25)
where j2f1; …; Size Profilei g, STji and ETji are, respectively, the j-th
start and end operational time for appliance i. Again, we elaborated
on these constructs in Subsection 2.2.5.
The thermal inconvenience calculates the consumption cost at
which the home appliances are used under inadequate/inconvenient thermal conditions as deﬁned by the consumer. The thermal
inconvenience is deﬁned as follows:

Incvthermal
t;i



SATHt;i ¼

8

des
>
>
> Prt  Temt
>
<

min


 SATHt;i ;
 Temin
t

0;
>

>
>
in
>
: Prt  Temt  Temdes
t

max



Minimize

min
max
where Temdes
and Temdes
are the min/max desired indoor
t
t
temperature at time t; Temin
is
the
indoor temperature at time t,
t
calculated as follows (Tsui and Chan, 2012):

N


X
in
out
Temin
 Temin
SATHit  Ei
t ¼ Temt1 þ a  Temt
t1 þ b 
i¼1

(27)

aMT  PMT ðtÞ þ aHFC  PHFC ðtÞ þ aGRID  PGRID ðtÞþ

t¼1

bMT  PMT ðtÞ þ bHFC  PHFC ðtÞ þ bGRID  PGRID ðtÞþ
dMT  PMT ðtÞ þ dHFC  PHFC ðtÞ þ dGRID  PGRID ðtÞ
(28)
where a, b, and d are, respectively, the emission coefﬁcients of
carbon dioxide (CO2), sulfur dioxide (SO2), and oxides of nitrogen
(NOx), for each one of the microgrid’s components. The term
PGRID(t) indicates the power supplied by the grid, and it is deﬁned
as follows:
N 
X

PGRID ðtÞ ¼

 

2 
;
Ei  SATHt;i  1  SDERTHt;i  SESSTHt;i

i¼1

t2f1; …; Tg
(29)
2.2.4. Consumer interference
In the proposed model, the consumer can choose not to follow
the optimized schedule calculated by the EMC. As stated earlier, a
mechanism is introduced to allow user interference and, nonetheless, keep the schedule optimized. This mechanism uses the SM
to monitor the actual electricity consumption and compare it with
the optimized schedule calculated by the EMC. When a difference is
detected (e.g., a home appliance is turned on when it should be
turned off), which is considered an interference, the SM then sends
to the EMC the time interval tinterf when this interference occurred
together with the consumption-associated cost, COSTinterf, for the
consumption thus far.
With this information, the EMC calculates a new optimized
schedule. The objective function in Eq. (1) is modiﬁed so as to
consider only the time intervals after the interference time interval
tinterf. The consumption-associated cost at that time, COSTinterf, is
added to the optimized schedule, as shown in Eq. (30). The other

des
if Temin
t < Temt

if Temdes
t
 SATHt;i ;

T h
X

if

min

min

;

des
 Temin
t  Temt

Temin
t

max

;

(26)

max
> Temdes
:
t

objective functions and all the constraints remain the same.

Minimize

N
X
i¼1

Ei

T h
X

Prt  SATHt;i
t¼tinterf



2 i
 1  SDERTHt;i  SESSTHt;i

 

þ PMT ðtÞ  Prng
þ PHFC ðtÞ  Prng
þ COSTinterf
t
t

(30)

where t2f1;…;Tg, Temout
is the external temperature, and a and b
t
are thermal conditions surrounding the thermal home appliance.

2.2.3. Environmental pollution minimization
The function f3 measures the environmental pollution and
evaluates how the optimized energy consumption schedule impacts the air pollution caused by the consumer. The minimization
equation of f3 is:

2.2.5. Model constraints
As stated earlier, to control the operation of the home appliances, two ordered sets of elements, called ProﬁleTime and ProﬁleReq
are deﬁned. The i-th element of ProﬁleTime, i.e., ProﬁleTime[i], represents a 2-tuple in the format (starting time, ending time), for each
home appliance i2f1; …; Ng. Formally:
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ProfileTime ½i ¼

h



ST1i ; ET1i ; …; STSize
i

Profilei

; ETSize
i

Profilei

7

i
(31)

The values in ProﬁleReq[i], in turn, represent the operating times
of each home appliance i2f1;…;Ng, and they are deﬁned according
to the starting and ending times in ProﬁleTime[i]. Formally:


ProfileReq ½i ¼ Req1i ; …; ReqSize
i

Profilei



(32)

The constraints in Eq. (33)e(38) link and limit ProﬁleTime and
ProﬁleReq. Eqs. (33) and (34) deﬁne the length of the ordered sets;
Eqs. (35) and (36) relate the values of both sets and prevent the
overlapping of operating hours; Eqs. (37) and (38) deﬁne that the
maximum operation time of the home appliances should not be
greater than the planning horizon.





jProfileTime ½ij ¼ ProfileReq ½i; i2f1; …; Ng

(33)





ProfileReq ½i ¼ Size Profilei ; i2f1; …; Ng

(34)

o
n
j
j
j
ETi  STi  Reqi ; i 2 f1; …; Ng; j2 1; …; Size Profilei

(35)

ETji

 STjþ1
;
i

SizeX
Profilei

n

o
i 2 f1; …; Ng; j2 1; …; Size Profilei  1

j

Reqi  T; i2f1; …; Ng

Fig. 3. Brazil’s cumulative annual rainfall in 2016 (dos Campos).

(36)

(37)

j¼1

ETSize
i

Profilei

 ST1i  T; i2f1; …; Ng

(38)

2.3. NSGA-III
In our experiments, the Constrained NSGA-III (Deb and Jain,

2014) was adapted to ﬁnd solutions given our DR model. Every
chromosome is a combination of the three binary matrices presented in Section 2, namely SATH, SDERTH and SESSTH. Each
chromosome represents a possible schedule in the underlying
problem. The dimensionality of each matrix depends on the
number of appliances N and the planning horizon T.
The NSGA-III algorithm was proposed to tackle optimization
problems with many objectives. In spirit, NSGA-III is similar to its
predecessor, the NSGA-II algorithm (Deb et al., 2002). The most
signiﬁcant difference lies in the mechanism responsible for the
maintenance of diversity in the population of candidate solutions,
which is a set of supplied reference points (Jain and Deb, 2014), that
leads to a very uniform distribution of Pareto points across the
search space, even when the number of objectives is large.

3. Case study
This section presents the results of computational simulations
that show the performance of the proposed DR multi-objective
mathematical formulation using the constrained NSGA-III algorithm. The underlying case study regards DR in Brazil. By having a
territory of continental dimensions covering areas of low and medium latitudes, Brazil experiences different temperature and precipitation patterns, as shown in Figs. 2 and 3. Such characteristics

Table 1
Scenarios and categories of home appliances.
Scenarios

Categories

Home Appliances

I

AI
AII
AIII
AI
AII
AIII
AI
AII
AIII

14
10
5
16
12
5
12
7
4

II

III
Fig. 2. Brazil’s average annual temperature in 2016 (I. INMET, 2008).
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Fig. 4. Energy consumption proﬁle for each scenario.

have direct impact on energy consumption patterns and DER utilization, specially RER (Fikru and Gautier, 2015). Five Brazilian cities
were chosen, each one in a different region of the country, in order
to test the proposed multi-objective optimization model and to
demonstrate its effectiveness in a scenario of signiﬁcant climate
variability.
In the computational simulations, three different scenarios
concerning electric power consumption were considered, namely:
Scenario #1: two adults; Scenario #2: two adults and three children; and Scenario #3: a single adult. The patterns of energy consumption for each family was acquired through the Load Proﬁle
Generator (LPG) (Pﬂugradt, 2016), which allows for the simulation
of consumption load proﬁles considering geographical and climatic
characteristics, with discretization per hour or minute. Were
generated proﬁles for 15 Brazilian families in the cities of Brasília
m (State of Para
), Curitiba (State of Parana
),
(Federal District), Bele
Rio de Janeiro (State of Rio de Janeiro), and Teresina (State of Piauí).
These families are located in the North, Center-West, South,
Southeast, and Northeast regions of Brazil. These scenarios also had
different numbers of home appliances: 29 in total for Scenario #1,
33 for Scenario #2, and 23 for Scenario #3, totaling 425 appliances
for the whole experiment. Table 1 summarizes the information of

the scenarios and the diverse categories of appliances present in
the consumer microgrid. Fig. 4 shows different energyconsumption proﬁles for each scenario, illustrating different patterns across one day.
A planning horizon with hourly discretization was used in the
computational simulations, which includes time periods from the
days with the highest and lowest electrical energy consumption for
each proﬁle in each month during a whole year. The entire scheduling time interval consists of 24 subintervals, that is, t2f1; 2; …;
24g. Since, to the best of our knowledge, there is no price-based DR
programs in Brazil, the price for each unit of consumed energy in
each time interval was based on the values of Portugal’s Electricity
Market (OMIE). As the price of electricity is a factor exogenous to
the proposed model, this choice does not affect the model’s validity.
3.1. Experimental results
As previously mentioned, this work uses the NSGA-III technique
to ﬁnd optimal solutions to the proposed optimization problem.
When applying NSGA-III, a reference point scheme is used to ﬁnd
only a few solutions on a preferred part of the Pareto front (Jain and
Deb, 2014). As deﬁned by Jain and Deb (2014), to ﬁnd a preferred set
of solutions, a set of reference points must be supplied. In addition,
M extreme reference points must also be included to ensure that
the ideal and nadir points of the population members are properly
calculated for the normalization process in the NSGA-III algorithm
(Lu and Anderson-Cook, 2013; Zitzler et al., 2007). In the simulations, 12 reference points are deﬁned in the middle of the
normalized solution space, as shown in Fig. 5. As stated previously,
three more extreme points, namely (1, 0, 0), (0, 1, 0), and (0, 0, 1), are
added to create a total of 15 reference points. Since NSGA-III is a
genetic algorithm, it then requires a crossover and a mutation
probability. Those values are set to 0.6 and 0.1, respectively. The
underlying population of solutions had 16 chromosomes, and the
maximum number of iterations was set to 500. Tables 2 and 3 show

Table 2
 o, 2010).
PV and WT parameters (Riffonneau et al., 2011; Villanueva and Feijo

Fig. 5. A preferred set of reference points for the DR problem.

Tamb ( c)

20

r (kg/m)

25

P PV
NPVS

0.165


T ref
m ( c)

20

A (m2 )

0.54

(KW=m2 )
Sref
irr
NOCT( c)

1

NPVP

10

l

35.5

45.5

g

0.043%

ref

1.225
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Table 3
Emission factors (Kg/Kwah) (Motevasel and Seiﬁ, 2014).
Emission Type

MT

HFC

Grid

CO2
SO2
NOx

0.724
0.000036
0.002

0.512
0.000023
0.0013

0.922
0.003583
0.02295

Fig. 6. Non-normalized Pareto-optimal solutions.

the reference values used in the DER system and environmental
pollution (Riffonneau et al., 2011; Motevasel and Seiﬁ, 2014).
Fig. 6 display the obtained non-normalized Pareto-optimal solutions. These solutions were further analyzed considering the
energy consumption pattern of each family obtained through LPG.
3.1.1. Preference-based results
Table 4 presents the results obtained for each proﬁle in each
scenario taking into account the extreme point related to cost
minimization, which represents a Pareto-optimal solution for this
objective. It is possible to observe that, in Scenario #1, the families
residing in the cities of Curitiba and Teresina obtained the best
results regarding to the total reduction in the cost of electricity
consumption, totaling a decrease of 33.00%. The family of Teresina
obtained the best result in Scenario#2, with an overall cost
reduction of 33.5%, going from R$ 251.56 to R$ 167.29. Finally, with a

9

decrease of 33.65% on consumption-associated costs, the families of
m and Teresina got the best results in Scenario #3.
Bele
These results show that the DR model can reduce consumptionassociated costs along the planning horizon through load shifting,
as the loads are oftentimes shifted from high-price to low-price
time intervals considering usage preferences predeﬁned by the
consumer. As the load shifting technique tries to move loads to lowprice time intervals as much as possible, there is consequently an
increase in electricity consumption in these time intervals, as
shown in Fig. 7. This illustrates how load shifting changes the
electricity usage schedule in comparison to a non-optimized energy consumption plan.
Table 5 presents the simulations results obtained for each family
taking into account the extreme points related to the objective of
inconvenience minimization and environmental pollution minimization for all the scenarios. The overall lowest inconvenienceassociated cost was R$ 0.296, obtained by the family residing in
the city of Teresina in Scenario #1. In Scenarios #2 and #3, the
family of Curitiba obtained the lowest inconvenience cost with R$
0.298 and R$ 0.299, respectively. The least pollutant result in all the
scenarios was obtained by the family residing in Curitiba, with
16.437 Kg, 17.689 KG, and 16.426 Kg in Scenarios #1, #2, and #3,
respectively.
Based on the obtained results, it is shown that the proposed DR
model in this paper can obtain desirable solutions considering
consumption-associated costs, the inconvenience caused to the
consumer in the proposed schedule, and the environmental
pollution on a multitude of scenarios, with different cities, handling
many exogenous factors, such as electricity price and consumer
preferences.
3.1.2. DER and ESS impact
The impact of the DER and ESS on the results obtained in the
simulation was also analyzed. In particular, this work has simulated
a DR scenario without the DER system composed by PV, WT, MT,
HFC, and the ESS composed by the EV and the batteries system. The
proposed model was adapted to handle these changes. Speciﬁcally,
Eq. (1), related to the minimization of consumption-associated
costs, was changed to the following:
N
T 
X
X
2
Minimize Ei
Prt  SATHt;i
i¼1

(39)

t¼1

The constraints in Eqs. (4)e(24) were not considered in this
simulation, as they are related to DER energy generation and ESS
utilization. We compared the Pareto-optimal solutions related to
the extreme point of the cost minimization objective for both

Table 4
Obtained cost reduction per city.
City

Scenario

Cost Without DR (R$)

Cost With DR (R$)

Reduction (%)

m
Bele

1
2
3
1
2
3
1
2
3
1
2
3
1
2
3

319.56
215.91
175.46
342.16
228.43
176.23
295.26
199.87
171.84
312.43
208.41
175.86
346.44
251.56
201.02

220.30
145.61
117.28
259.23
153.85
118.95
220.96
137.81
116.33
211.20
140.99
117.83
260.49
167.29
133.38

31.06
32.56
33.65
32.00
32.65
32.50
33.00
31.05
32.30
32.40
32.35
33.00
33.00
33.50
33.65

Brasília

Curitiba

Rio de Janeiro

Teresina
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Fig. 7. Illustration of optimized and non-optimized load consumption.

Table 5
Obtained inconvenience and environmental pollution per city.
City

Scenario

Inconvenience (R$)

Pollution (Kg)

m
Bele

1
2
3
1
2
3
1
2
3
1
2
3
1
2
3

0.312
0.299
0.323
0.310
0.316
0.324
0.321
0.298
0.299
0.315
0.326
0.331
0.296
0.299
0.317

18.912
19.533
17.545
19.826
19.157
18.018
16.437
17.689
16.426
18.963
17.650
18.531
19.072
18.814
18.491

Brasília

Curitiba

Rio de Janeiro

Teresina

simulations. Table 6 shows that Scenario #1 presents the highest
individual increase in the consumption-associated cost when using
a DR model without DER and ESS. This occurred in the city of Teresina, resulting in a percentage increase of 12.02%. Scenario #2
obtained the second highest increase in the consumption cost, with
an increase of 11.58% for the city of Teresina. The city of Brasília
obtained the highest increase in Scenario #3 with an increase of
11.02% in consumption-associated cost.
These results show that the use of DER/ESS in SG scenarios,
through an MG, has a signiﬁcant impact on electricity consumption
patterns, as it can act as an alternative power source, lowering the
load demand on the main grid and the consumption-associated
cost to the consumer. This is illustrated by Table 7, which shows a
comparison of the average percentage in terms of the participation
of DER/ESS scheme on consumption-associated costs in all the
scenarios. The multi-objective optimization DR model proposed in

Table 6
Comparison between consumption costs for a DR model with and without DER and ESS.
City

Scenario

Cost with DER and ESS (R$)

Cost without DER and ESS (R$)

Increment (%)

m (PA)
Bele

1
2
3
1
2
3
1
2
3
1
2
3
1
2
3

220.30
145.61
117.28
259.23
153.85
118.95
220.96
137.81
116.33
211.20
140.99
117.83
260.49
167.29
133.38

242.97
161.71
129.67
287.38
170.76
132.06
244.65
152.79
128.61
235.74
156.13
130.01
291.80
186.66
148.06

10.29
11.06
10.57
10.86
10.99
11.02
10.72
10.87
10.56
11.62
10.74
10.34
12.02
11.58
11.01

Brasília (DF)

Curitiba (PR)

Rio de Janeiro (RJ)

Teresina (PI)

Table 7
Percentage of the participation of DER and ESS on consumption-associated cost.
Scenario/City

m (PA)
Bele

Brasília (DF)

Curitiba (PR)

Rio de Janeiro (RJ)

Teresina (PI)

Mean

1
2
3
Mean

10.29%
11.06%
10.57%
10.64%

10.86%
10.99%
11.02%
10.96%

10.72%
10.87%
10.56%
10.71%

11.62%
10.74%
10.34%
10.9%

12.02%
11.58%
11.01%
11.54%

11.10%
11.05%
10.73%
e
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Fig. 8. Comparison of the energy provided by the main grid, DER, and ESS.

Table 8
Variation on consumption-associated costs based on the number of interferences.
N+of interferences

Optimized cost before interference(s) (R$)

Optimized cost after the interefence(s) R$

Variation (%)

1
5
10
25
50
100
200
250
500
1000

2494.02
2494.02
2494.02
2494.02
2494.02
2494.02
2494.02
2494.02
2494.02
2494.02

2494.25
2495.62
2496.18
2499.55
2504.04
2514.38
2534.30
2545.41
2597.09
2700.03

þ0.001
þ0.06
þ0.08
þ0.22
þ0.40
þ0.81
þ1.59
þ2.02
þ3.97
þ7.63

this paper, through load-shifting techniques, optimizes this impact
by scheduling loads aiming at optimizing consumption cost,
inconvenience cost, and pollutant emission. Fig. 8 contrasts the
energy supplied by the main grid against the energy provided by
DER and ESS/RER.

thousands of consumers, as in a city for example, disregarding user
interferences can lead to high ﬁnancial losses for the consumers
and nullify the DR effects on balancing electricity demand. This
enforces the necessity of considering user interferences effectively
in DR models.

3.1.3. User interference
As stated earlier, when incorporated into a HEMS, the DR model
proposed in this paper can detect if there is any interference in the
optimized schedule caused by the user. Extra computational simulations were performed with added random interferences along
the planning horizon in the studied scenarios with DER and ESS to
measure the effectiveness of the proposed solution in these situations. The consumption cost is now deﬁned as the overall cost for all
the scenarios, including all the cities, along the planning horizon.
As Table 8 shows, the optimized consumption-associated cost
increases as the number of interferences in the optimized schedule
increases. In particular, there is total of 7.63% increase in consumption cost when 1,000 interferences occur. This situation
happens because of the surge in the number of loads that had not
been scheduled by the DR algorithm along the planning horizon,
which oftentimes causes an increase in consumption-associated
costs by rising energy usage. As a result, the previously optimized
schedule is no longer valid, as it represents a situation that does not
exist anymore. This, in turn, results in a ﬁnancial impact on MG
management since the consumption-associated cost concerning
the actual consumption will be incorrect.
It should be noted that the occurrence of interferences can grow
considerably when the number of consumers also increases. Such a
situation will almost inevitably raise the consumption cost variation in the scheduling. In an MG management scenario considering

3.2. Statistical analysis
This section presents an analysis of the results obtained when
determining the optimal load schedule. In particular, we used three
metrics to evaluate the performance of NSGA-III: Diversity,
Coverage, and Hypervolume. Diversity (Schott, 1995) evaluates the
number of options available for a decision maker. It does so by
calculating the number of different solutions between extreme
solutions (maximum/minimum) for each objective function. The
spacing metric (Schott, 1995) calculates the diversity. The Coverage
metric (Zitzler and Thiele, 1999), also called C metric, was used to
measure how far the obtained Pareto Frontier is from the theoretical optimal Frontier. The values obtained in the C metric deﬁne
how close the solutions to the DR problem obtained by NSGA-III are
to the optimal solutions. Finally, the Hypervolume (HV) metric was
used (Zitzler et al., 2003) to determine the overall performance of
NSGA-III. The higher the HV value is, the most desirable the
convergence of the underlying algorithm alongside the extension
and uniformity of the set of proposed solutions (Zitzler and Thiele,
1999).
To provide some grounds for comparison, the results produced
by NSGA-III are compared against those produced by another
multi-objective optimization algorithm, namely R-NSGA-II (Deb
and Sundar, 2006). R-NSGA-II is a combination of the classic
NSGA-II algorithm with a multi-criteria decision-making approach
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Table 9
Statistical values obtained through simulations.
Algorithm
NSGA-III
R-NSGA-II
NSGA-III
R-NSGA-II
NSGA-III
R-NSGA-II
NSGA-III
R-NSGA-II

Metric

Min

Max

Average

Standard Deviation

Spacing

18.21
12.25

22.30
18.25

19.46
14.98

1.02
1.05

C(A, B)

1

1

1

0

C(B, A)

0
0.91
0.72

0
0.92
0.83

0
0.91
0.77

0
0.01
0.02

HV

to ﬁnd a single optimal solution near a region of interest by the
decision maker (Deb and Sundar, 2006). In the comparative study,
both NSGA-III and R-NSGA-II were executed 1,000 times to reduce
the impact of their stochastic nature and to obtain the values to be
used in the following statistical analysis.
3.2.1. Statistical results
In the statistical analysis, the spacing metric values show that
the solutions produced by the NSGA-III algorithm had higher diversity (minimum 18.21 and maximum 22.3) than those from RNSGA-II (minimum 12.25 and maximum 18.25), which indicates
that using NSGA-III results in better solutions than using R-NSGA-II.
The values obtained in the metric C suggests that, in all scenarios, the NSGA-III Pareto frontier complete dominates the RNSGA-II frontier. Therefore, NSGA-III had better search space
exploration.
Additionally, the analysis of Hypervolume values suggests a
considerably better performance of NSGA-III (maximum 0.92 and
minimum 0.91) against R-NSGA-II (maximum 0.83 and minimum
0.72). This result indicates a better performance in terms of
convergence and uniformity of the solutions in the search space
(Zitzler and Thiele, 1999). Table 9 summarizes the statistical values
analyzed obtained from the simulations.
3.2.2. Statistical signiﬁcance
Three statistical tests were executed to verify the signiﬁcance of
the obtained results. The ﬁrst one aims to determine whether the
metric results for both techniques follow a normal distribution. The
Kolmogorov-Smirnov (KS) test (Rumsey, 2007) showed that the
results from the experiments do not follow a normal distribution
(all p-values < 0.001).
Next, the Wilcoxon-Mann-Whitney test (Rumsey, 2007), a nonparametric test that does not require data to follow a normal distribution, was used to verify whether there is a signiﬁcant statistical
difference between the results obtained by both techniques. All the
obtained p-values were lower than 0.001. These values indicate that
there was a relevant statistical difference between the results
produced by NSGA-III and R-NSGA-II.
To understand how different the results obtained by the techniques are, a standard measure of effect size known as VarghaDelaney A (VDA) measure (Rumsey, 2007) was used. The objective is to validate the performance of NSGA-III in comparison to RNSGA-II. In this context, values close to 0.5 indicate that the two

Table 10
VDA values.
Metric

VDA

Spacing
C(A,B)
C(B,A)
HV

1
1
0
1

techniques have a similar performance, values between 0 and 0.5
indicate that the R-NSGA-II has better performance, and values
between 0.5 and 1 indicate a better performance by NSGA-III. On
evaluating the 4 metric values using the VDA, the NSGA-III optimization technique had signiﬁcantly better results than the RNSGA-II. Table 10 summarizes the VDA measurement values.
4. Conclusion and future work
With the increased importance of demand response in power
grids, new techniques and methodologies have been proposed to
modernize power grids, resulting in what is known as smart grids.
IoT plays a signiﬁcant role in this scenario providing support to AMI
and SM technologies. Thereby, this paper proposes a demand
response mechanism to manage the scheduling of home appliances
belonging to various categories. The approach takes into account
distributed energy resources (DER), renewable energy resources
(RER), an energy storage system (ESS), which in turn includes an
electric vehicle (EV), all in an MG environment. The optimization
model aims at minimizing the electricity consumption cost, the
inconvenience cost for end consumers, and to minimize any potential environmental pollution. The scheduling of home appliances on MG allows for a more efﬁcient and effective operation of
electricity power systems since problems such as power outages in
peak-demand periods can be diminished. Thus, DR has a signiﬁcant
role in energy management to eliminate overhead and reduce
electricity consumption cost to customers.
The performance of the proposed preference-based multiobjective DR optimization model was evaluated through computational simulations. In particular, we analyzed the effectiveness of the
minimization of the consumption associated cost, as well as the
inconvenience costs and environmental pollution, all of these by
taking into account consumer preferences. The beneﬁts in terms of
reduction of the electricity consumption cost when having DER, RER,
and ESS in the DR model were also investigated. Next, the impact of
user interference on consumption-associated cost calculated
through the multi-objective DR model was analyzed. It could be
argued that disregarding this feature can lead to high ﬁnancial losses
for the consumer, besides lowering the DR effects when balancing
load demand. Next, the solutions found by the NSGA-III approach
were evaluated according to three different metrics: diversity,
coverage, and hypervolume. The statistical results show that the
solutions found by NSGA-III are consistently better than solutions
found by another high-proﬁle algorithm, namely R-NSGA-II.
It is fair to acknowledge some limitations of this work. First, the
model does not consider the occurrence of interference in the energy generation by RER, which can occur due to weather changes,
and cause ﬁnancial losses to consumers. Second, although realistic
in nature, computational experiments are not natural experiments.
Taking into account these limitations, we envision a few directions
for future research work. First, the proposed model can be deployed
in an in-home display (IHD), embedded in a HEMS architecture, to
test the proposed model in an edge computing scenario so as to
validate the proposed approach in a truly realistic setting. Two
other possibilities would be simulating scenarios having multiple
connected microgrids and the implementation of a combined heat
and power (CHP) system integrated with the microgrid. Given the
growing importance of DR and smart grids, the future directions
mentioned above are of great practical value to individuals, organizations, and even governments considering more effective, efﬁcient, and cleaner energy systems.
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