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Abstract—As the smart grid solutions enable active consumer
participation, demand response (DR) strategies have drawn much
interest in the literature recently, especially for residential areas.
As a new type of consumer load in the electric power sys-
tem, electric vehicles (EVs) also provide different opportunities,
including the capability of utilizing EVs as a storage unit via
vehicle-to-home (V2H) and vehicle-to-grid (V2G) options instead
of peak power procurement from the grid. In this paper, as the
main contribution to the literature, a collaborative evaluation of
dynamic-pricing and peak power limiting-based DR strategies
with a bi-directional utilization possibility for EV and energy
storage system (ESS) is realized. A mixed-integer linear pro-
gramming (MILP) framework-based modeling of a home energy
management (HEM) structure is provided for this purpose. A
distributed small-scale renewable energy generation system, the
V2H and V2G capabilities of an EV together with two-way energy
trading of ESS, and different DR strategies are all combined in
a single HEM system for the first time in the literature. The
impacts of different EV owner consumer preferences together
with the availability of ESS and two-way energy trading capa-
bilities on the reduction of total electricity prices are examined
with case studies.

Index Terms—Demand response (DR), electric vehicle (EV),
home energy management (HEM), smart household,
vehicle-to-grid (V2G), vehicle-to-home (V2H).

NOMENCLATURE

The main nomenclature used throughout this paper is stated
below. It is to be noted that the parameters and variables can
only be related to time, so the respective index is used and no
further reference is given to this fact.
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Abbreviations

DR Demand response.
ESS Energy storage system.
EV Electric vehicle.
HEM Home energy management.
MILP Mixed-integer linear programming.
PV Photovoltaic.
V2G Vehicle-to-grid.
V2H Vehicle-to-home.

Indices

t Period of the day index in time units [h or min].

Parameters

CEESS Charging efficiency of the ESS.
CEEV Charging efficiency of the EV.
CRESS Charging rate of the ESS [kW per time

interval].
CREV Charging rate of the EV [kW per time interval].
DEESS Discharging efficiency of the ESS.
DEEV Discharging efficiency of the EV.
DRESS Discharging rate of the ESS [kW per time

interval].
DREV Discharging rate of the EV [kW per time

interval].
N1 Maximum power that can be drawn from the

grid [kW].
N2 Maximum power that can be sold back to the

grid [kW].
Pother

t Household power demand [kW].

PPV,pro
t Power produced by the PV [kW].

SOEESS,ini Initial state-of-energy of the ESS [kWh].
SOEESS,max Maximum allowed state-of-energy of the ESS

[kWh].
SOEESS,min Minimum allowed state-of-energy of the ESS

[kWh].
SOEEV,ini Initial state-of-energy of the EV [kWh].
SOEEV,max Maximum allowed state-of-energy of the EV

[kWh].
SOEEV,min Minimum allowed state-of-energy of the EV

[kWh].
Ta Arrival time of EV to household.
Td Departure time of EV from household.

1949-3053 c© 2014 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

mailto:ozanerdinc@arel.edu.tr
mailto:nikpaterak@gmail.com
mailto:tiagomendestdi@gmail.com
mailto:catalao@ubi.pt
mailto:bakiana@eng.auth.gr
http://ieeexplore.ieee.org.
http://www.ieee.org/publications_standards/publications/rights/index.html
http://www.tarjomehrooz.com/


This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

2 IEEE TRANSACTIONS ON SMART GRID

Tf ,c Period at which EV should be fully charged.
Tf ,d Period at which EV should be fully discharged,

if applicable.
�T Number of time intervals in 1 h.
ε1 Priority parameter of PV.
ε2 Priority parameter of ESS.

ε3 Priority parameter of EV.

λ
buy
t Price of energy bought from the grid

[cents/kWh].
λsell

t Price of energy sold back to the grid
[cents/kWh].

Variables

PESS,ch
t ESS charging power [kW].

PESS,dis
t ESS discharging power [kW].

PESS,sold
t Power injected to grid from the ESS [kW].

PESS,used
t Power used to satisfy household load from the

ESS [kW].
PEV,ch

t EV charging power [kW].
PEV,dis

t EV discharging power [kW].
PEV,sold

t Power injected to grid from the EV [kW].
PEV,used

t Power used to satisfy household load from the
EV [kW].

Pgrid
t Power supplied by the grid [kW].

PPV,sold
t Power injected to grid from the PV [kW].

PPV,used
t Power used to satisfy household load from the

PV [kW].
Psold

t Total power injected to the grid [kW].
SOEESS

t State-of-energy of the ESS [kWh].
SOEEV

t State-of-energy of the EV [kWh].
uESS

t Binary variable: 1 if ESS is charging during
period t, 0 else.

uEV
t Binary variable: 1 if EV is charging during

period t, 0 else.
ugrid

t Binary variable: 1 if grid is supplying power
during period t, 0 else.

I. INTRODUCTION

A. Motivation and Background

THE DEREGULATION of the electric power industry is
a concern of investors, regulators, and other participants

of the electricity market for more than a decade with the
aim of obtaining a more efficient use of electric energy and
improved profits. As a recently growing concept for an effec-
tive deregulation of the electric power industry, the smart grid
issue has drawn significant attention from developed country
governments, declaring considerable investments.

Smart grid is the vision for enhancing the efficiency of
electricity utilization from the production to end-user points,
together with effectively accommodating all generation and
storage options and enabling consumer participation in the
demand-side. Coupled with the growing importance of smart
grid vision, smart households that can monitor their use of
electricity in real-time and act in order to lower their electricity

bills have also been given specific importance by the research,
regarding possible demand-side actions [1], [2].

Demand-side actions for smart households in a smart grid
generally focus on DR strategies allowing interaction between
utility and consumers. DR is a term defined as “changes in
electric usage by end-use customers from their normal con-
sumption patterns in response to changes in the price of
electricity over time, or to incentive payments designed to
induce lower electricity use at times of high wholesale mar-
ket prices or when system reliability is jeopardized” by the
U.S. Department of Energy (DOE) and comprises incentive-
based programs and price-based programs (time-of-use, critical
peak pricing, dynamic pricing) [3], [4]. DR strategies gener-
ally focus on shifting the electric usage of consumers from
peak to off-peak periods to reduce the stress on utility-handled
assets such as distribution transformers, lines, etc., and may
provide a valuable resource for the efficient operation of the
smart grid structure [5], [6]. The utilization of DR strategies
can be considered mature for industrial customers, but this is a
relatively new concept for residential households responsible
for nearly 40% of energy consumption in the world [7].

There are many enabling technologies for DR activities in
residential areas. Especially, HEM systems and smart meters
have the leading role in effectively applying DR strategies.
With the introduction of different kinds of electric loads in the
market, the load shapes of households have started to change
significantly. As a new type of end-user appliance/load, EVs
have recently gained more importance, as the electrification of
the transport sector—which traditionally is a major fossil fuel
consumer—is a topic of current interest [8].

EVs have a different structure with challenges and oppor-
tunities that should be examined in detail. Energy needs of
EVs as a load can reach to the levels of new power plant
installation requirements. The recommended charging level of
a Chevy Volt, a small sized EV, is 3.3 kW [9], which can even
exceed the total installed power of many individual homes in
an insular area.

Besides, EVs can also be employed as a resource, especially
during peak periods with the possibility of V2H and V2G
options.

B. Literature Overview

There are several recent studies dealing with DR strategies
for the optimum appliance operation of smart households.

Chen et al. [10] and Tsui and Chan [11] developed an opti-
mization strategy for the effective operation of a household
with a price signal-based DR. Li and Hong [12] proposed a
“user-expected price”-based DR strategy for a smart house-
hold, including also a battery-based ESS aiming at lowering
the total electricity cost by charging and discharging the ESS
at off-peak and peak price periods, respectively. However, the
impact of including an additional EV load that can also be
helpful for peak clipping in certain periods when EV is at
home and the possibility of an own production facility have
not been evaluated in [12].

Zhao et al. [13] considered the HEM strategy-based con-
trol of a smart household including PV-based own production
facility and availability of EV and ESS. However, V2H and
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further possible V2G operating modes of EV have not been
taken into account in [13]. Restegar et al. [14] developed a
smart home load commitment strategy considering all the pos-
sible operating modes of EV and ESS. However, that paper
neglected the impact of an extra peak power limiting strategy
that is probable to be imposed by a load serving entity (LSE),
not considered also in [10]–[13].

Pipattanasomporn et al. [15] and Kuzlu et al. [16] presented
a HEM strategy considering peak power limiting DR strategy
for a smart household, including both smart appliances and EV
charging. Shao et al. [17] also investigated EV for DR-based
load shaping of a distribution transformer serving a neigh-
borhood. References [15]–[17] did not provide an optimum
operating strategy considering price variability with the aim
of obtaining the lowest daily cost apart from just limiting the
peak power drawn from the grid by the household in certain
periods.

Matallanas et al. [18] applied an HEM system based on
neural networks with experimental results for a household
including PV and ESS. However, the impacts of varying price
as well as other types of DR strategies have not been evaluated
in [18].

De Angelis et al. [19] performed the evaluation of a HEM
strategy considering the electrical and thermal constraints
imposed by the overall power balance and consumer pref-
erences. Chen et al. [20] provided an appliance scheduling
in a smart home considering dynamic prices and appliance
usage patterns of consumer. Missaoui et al. [21] also pro-
vided a smart building energy management strategy based
on price variations and external conditions as well as com-
fort requirements. The pricing data-based energy management
has also been suggested by Hu and Li [22] together with a
hardware demonstration. Erdinc [23] considered both pricing
and peak power limiting DR, but neglected the possibility of
two-way energy trading possibility for EV and ESS with the
grid, which can further improve the economic advantage of
the HEM structure by increased flexibility.

These papers together with many other studies not referred
here have provided valuable contributions to the application
of smart grid concepts in household areas.

However, many of the mentioned papers failed to address
distributed renewable energy contribution to reduce load
demand on utility side, V2H option of EV to lower the demand
peak periods, and two-way energy trading capability of EV
(with V2G) and a possible ESS together with different DR
strategies.

C. Contributions

In this paper, a MILP model of the HEM structure is pro-
vided to investigate a collaborative evaluation of a dynamic-
pricing based DR strategy, a distributed small-scale renewable
energy generation system, the V2H capability of an EV
together with two-way energy trading of EV (using V2G
option) and ESS.

To the best knowledge of the authors, this is the first study in
the literature combining all of the aforementioned operational
possibilities in a single HEM system formulated in a MILP
framework, which is the main novelty of this paper.

Fig. 1. Block diagram of a fundamental DR strategy for smart households.

Different case studies are conducted considering the impacts
of having a HEM system, an EV capable of providing V2H
and V2G options, and an additional ESS under different DR
strategies. The impacts of all case studies in terms of con-
sumer electricity bill reduction performance are evaluated
with relevant comparisons. Besides, real-time measured load
demand and normalized PV-based distributed energy resource
production data are utilized.

D. Organization

This paper is organized as follows. Section II provides the
methodology employed in this paper. Afterwards, Section III
includes the case studies for evaluating daily DR-based opera-
tion strategies for the smart household. Finally, the conclusion
is presented in Section IV.

II. METHODOLOGY

The block diagram of a fundamental DR strategy is pre-
sented in Fig. 1.

The HEM system regulates the operation of the smart house-
hold considering price-based and other signals from the LSE,
production of small-scale own facilities, load consumption of
smart appliances, etc., together with different consumer pref-
erences as seen from Fig. 1. The rest of this section presents
the proposed model.

The objective is to minimize the total daily cost of elec-
tricity consumption. The cost is the difference between the
energy bought from the grid and the energy sold back to
the grid by the household-owned assets that are able to pro-
vide energy (PV, ESS, and EV). The price variables are
time dependent, a fact that implies time varying prices for
both bought and sold energy. The second part of the objec-
tive function in (1) imposes an artificial penalty to the
energy provided by the different resources. The ε parame-
ters have sufficiently small positive values (such as e-7, 2e-7,
and 3e-7) that are determined by assumptions, so that the
total cost is not affected. This technique serves the need
of having a priority in selling energy from the resources.
Smaller relative value of a specific ε forces the HEM sys-
tem to sell first all the energy available from that resource
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before selling energy from another

Minimize TC =
∑

t

(
Pgrid

t

�T
· λ

buy
t − Psold

t

�T
· λsell

t

)

+
∑

t

(
ε1 · PPV,sold

t

�T
+ ε2 · PESS,sold

t

�T

+ ε3 · PEV,sold
t

�T

)
. (1)

In (1), the optimization variables are the total power bought
from the grid at time t (Pgrid

t ), and the total power sold back to
the grid (Psold

t ) which comprises power values sold from PV,
ESS, and EV (PPV,sold

t , PESS,sold
t , and PEV,sold

t ). In this paper,
we consider that the HEM system first sells energy from the
PV, next from the ESS, and finally from the EV battery, which
means ε1 < ε2 < ε3.

The constraints presented hereafter comprise the basic body
of the HEM system operation. The model can be easily
extended and adapted to other more specific implementations
(e.g., by further modeling specific smart-appliances such as
HVAC, water heaters, appliances with cycling operation and/or
customer’s contract details).

Any time granularity can be used simply by selecting
the appropriate �T. For instance, for a 15-min interval the
�T coefficient must be 4, as 1 h comprises four 15-min
intervals.

A. Power Balance

Pgrid
t + PPV,used

t + PEV,used
t + PESS,used

t

= Pother
t + PEV,ch

t + PESS,ch
t , ∀t. (2)

Equation (2) states that the load consisting of the resi-
dential load (Pother

t ), the charging needs of the EV (PEV,ch
t ),

and the ESS (PESS,ch
t ) is either satisfied by the grid (Pgrid

t ) or
by the combined procurement of energy by the PV, the ESS,
and the EV (PPV,used

t , PEV,used
t , and PESS,used

t ).

B. ESS Modeling

PESS,used
t + PESS,sold

t = PESS,dis
t · DEESS, ∀t (3)

PESS,ch
t ≤ CRESS · uESS

t , ∀t (4)

PESS,dis
t ≤ DRESS ·

(
1 − uESS

t

)
, ∀t (5)

SOEESS
t = SOEESS

t−1 + CEESS · PESS,ch
t

�T

−PESS,dis
t

�T
, ∀t ≥ 1 (6)

SOEESS
t = SOEESS,ini, if t = 1 (7)

SOEESS
t ≤ SOEESS,max, ∀t (8)

SOEESS
t ≥ SOEESS,min, ∀t. (9)

Equation (3) enforces the fact that the actual power provided
by the ESS discharge (PESS,dis

t ·DEESS) can be used to cover a
portion of the household needs (PESS,used

t ) or injected back to
the grid (PESS,sold

t ). Constraints (4) and (5) impose a limit on

the charging (PESS,ch
t ) and discharging (PESS,dis

t ) power of the
ESS. The idle ESS state can be described by any of these con-
straints by the time the respective power variable is allowed to
have zero value. Equations (6)–(9) describe the state-of-energy
of the ESS. Constraint (6) forces the state-of-energy at every
interval (SOEESS

t ) to have the value that it had at the previ-
ous interval (SOEESS

t−1) plus the actual amount of energy that is
transferred to the battery if it is charging at that interval minus
the energy that is subtracted if the battery is discharging during
that interval. At the beginning of the time horizon the state-
of-energy of the ESS coincides with the initial state-of-energy
of the ESS (SOEESS,ini), as described by (7). Constraint (8)
limits the state-of-energy of the battery to be less than the
ESS capacity (SOEESS,max). Similarly, (9) prevents the deep
discharge of the battery by imposing a least state-of-energy
limit (SOEESS,min).

C. EV Modeling

PEV,used
t + PEV,sold

t = PEV,dis
t · DEEV , ∀t ∈ [Ta, Td] (10)

PEV,ch
t ≤ CREV · uEV

t , ∀t ∈ [Ta, Td] (11)

PEV,dis
t ≤ DREV · (

1 − uEV
t

)
, ∀t ∈ [Ta, Td] (12)

SOEEV
t = SOEEV

t−1 + CEEV · PEV,ch
t

�T

− PEV,dis
t

�T
, ∀t ∈ [Ta, Td] (13)

SOEEV
t = SOEEV,ini, if t = Ta (14)

SOEEV
t ≤ SOEEV,max, ∀t ∈ [Ta, Td] (15)

SOEEV
t ≥ SOEEV,min, ∀t ∈ [Ta, Td] (16)

SOEEV
t = SOEEV,max, ∀t ≥ Tf ,c ∈ [Ta, Td]

(17)

SOEEV
t = SOEEV,min, if t = Tf ,d ∈ [Ta, Td]

(18)

SOEEV
t = PEV,used

t = PEV,sold
t = PEV,dis

t

= PEV,ch
t = 0,∀t /∈ [Ta, Td]. (19)

Equation (10) enforces the fact that the actual power pro-
vided by the EV discharge (PEV,dis

t · DEEV ) can be used to
cover a portion of the household needs (PEV,used

t ) or injected
back to the grid (PEV,sold

t ). Constraints (11) and (12) impose a
limit on the charging (PEV,ch

t ) and discharging (PEV,dis
t ) power

of the EV. The idle EV state can be described by any of
these constraints by the time the respective power variable
is allowed to have zero value. Equations (13)–(17) describe
the state-of-energy of the EV. Constraint (13) forces the state-
of-energy at every interval (SOEEV

t ) to have the value that it
had at the previous interval (SOEEV

t−1) plus the actual amount
of energy that is transferred to the EV battery if it is charg-
ing at that interval minus the energy that is subtracted if the
EV battery is discharging during that interval. At the arrival
time of EV to household, the state-of-energy of the EV coin-
cides with the initial state-of-energy of the EV (SOEEV,ini), as
described by (14). Constraint (15) limits the state-of-energy
of the EV battery to be less than its capacity (SOEEV,max).
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Similarly, (16) prevents the deep discharge of the EV bat-
tery by imposing a least state-of-energy limit (SOEEV,min).
Equations (17) and (18) represent the option of having the
EV battery fully charged or discharged at the least state-of-
energy at preselected time intervals. Finally, (19) ensures that
all the variables related to EV modeling are zero apart from
the time interval between arrival time of EV to household (Ta)
and departure time of EV from household (Td).

D. PV Modeling

PPV,used
t + PPV,sold

t = PPV,pro
t , ∀t. (20)

Similarly to (3) and (10), (20) enforces the fact that the
actual power provided by the PV (PPV,pro

t ) can be used to
cover a portion of the household needs (PPV,used

t ) or injected
back to the grid (PPV,sold

t ).

E. Total Power Injected to the Grid

Psold
t = PPV,sold

t + PESS,sold
t + PEV,sold

t , ∀t. (21)

The total amount of power injected to the grid (Psold
t ) con-

sists of the amount of power provided by the PV (PPV,sold
t ),

the ESS (PESS,sold
t ), and the EV (PEV,sold

t ) as mentioned before.
This is enforced by (21).

F. Power Transaction Restrictions

Pgrid
t ≤ N1 · ugrid

t , ∀t (22)

Psold
t ≤ N2 ·

(
1 − ugrid

t

)
, ∀t. (23)

Equations (22) and (23) implement the logic of power
exchange. If power from the grid is needed to be drawn, then
it is not possible to inject power back to the grid. The reverse
case is also described by these constraints. N1 is a positive inte-
ger value that imposes a limitation on the power that can be
drawn from the grid. This limitation may represent a restriction
posed by the aggregator or the responsible entity for the end-
user electrification in order to face the situation where in its
control area exist multiple households that own HEM system.
The implementation of a time-varying peak power drawn from
the grid limit as a different DR strategy can be easily adapted
on this formulation, by replacing the N1 by a time-dependent
parameter.

Similarly, N2 imposes a limit on the power that can be
injected back to the grid and also can be replaced by a
time-dependent parameter.

Different consumer options and behavioral details can be
expressed by fixing the charging and discharging variables of
the ESS and EV to be zero in the appropriate time intervals.
Different policies (e.g., energy selling back options) can be
modeled by fixing the selling energy/power variables to zero
or other desired values.

III. TEST AND RESULTS

To evaluate the total impact of different case studies
in household operation on consumer electricity bills, the
MILP model is tested in GAMS v.24.1.3 using the solver

Fig. 2. Real-time measured average household power demand.

Fig. 3. PV system power production curve.

CPLEX v.12 [24] and the relevant obtained results are dis-
cussed in this section.

The real-time measured load demand of an average house
in Portugal is used in this paper. The nearly 140 meter-square
household includes four habitants with different electric appli-
ances, including fridge, TVs, microwave, washing machine
and dishwasher, computer, oven, etc. It should be noted that
the household includes a water heater using gas instead of
electricity.

The consumption of each day in a period of one month was
recorded and the obtained average power consumption profile
of this period is shown in Fig. 2.

It is considered in this paper that the household includes a
small-scale PV system of 1 kW. The production data of the
mentioned PV system is the normalized version of a measured
daily solar farm production profile. The considered PV system
power production curve is given in Fig. 3.

A bi-directional EV operation including both V2G (meaning
that EV sells energy back to the grid) and V2H (meaning that
a portion of the energy stored in EV battery is used to partly
cover the household load) options is considered.

The specifications of a Chevy Volt with a battery rat-
ing of 16 kWh is taken into account. The Chevy Volt
is employed with a charging station limited to a charg-
ing power of 3.3 kW [9]. The same power limit is also
assumed to be valid for the discharging operation in V2G
and V2H modes. The charging and discharging efficiencies are
considered 0.95.

It is also considered that the initial EV battery energy is
8 kWh (50% state-of-energy) while arriving at home and the
lower limit of EV state-of-energy is restricted to 4.8 kWh (30%
state-of-energy) to avoid deep-discharging (a limit around the
level proposed by [25], announcing that the battery users
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Fig. 4. Time-varying dynamic price signal for DR.

should not extract more than 70%–80% of the available
capacity at any time).

The following assumptions hold for the ESS; it consists of a
battery group of 1 kWh capacity. The charging and discharging
rate per hour is assumed to be 0.2 kW. Its initial state-of-
energy and charging/discharging efficiencies are 0.5 kWh and
0.95, respectively, and its deep-discharging limit is 0.25 kWh.
It should be noted that in the considered concept, no cost is
associated with using storage facilities such as EV and ESS
during the HEM operation.

Integrating the two-way energy transactions between the
end-user and the utility, the net-metering approach is uti-
lized. When the available energy from the household-owned
resources is sufficient to cover the total of the needs, the excess
of energy can be sold back to the grid and vice versa. For
pricing the bought energy from the grid, a dynamic pricing-
based DR scheme is considered. The time-varying price signal
available for the consumer via the smart meter is shown in
Fig. 4 [11].

Besides, a flat rate of 3 cents/kWh is paid to the end-user
for the energy sold-back to the grid. Payment of flat rates with
net metering is an approach also used in practice such as the
case in Turkey.

A dynamically changing rate for energy sold can also
be easily applied within the provided formulation, as (1) is
suitable both for considering flat and dynamic rates.

DR strategies, especially price-based DR activities are
mainly considering the preferences of the consumer, and the
preferences of the consumers may vary individually. Thus,
first of all, sole consumer preferences-based manual operation
without HEM strategy is analyzed in this paper.

Three types of consumer preferences, namely consumers
willing to charge their EV immediately, consumers willing to
charge their EV with lower prices, and consumers willing to
charge their EV with lower prices together with utilization of
EV V2H option for peak household power demand periods,
are evaluated.

Fig. 5 presents the total household power demand for con-
sumers willing to charge their EV immediately after arriving
home at 6:00 P.M. It can be clearly seen that the EV load con-
tributes significantly to the available peak period in the load
demand given in Fig. 2, and this peak reaches nearly 5 kW
instead of the available peak power value of 1.7 kW in the
household power demand.

Here, the prices where the EV charging significantly con-
tributes to the peak load are at the highest level compared

Fig. 5. Total household power demand for consumers willing to charge their
EV immediately.

Fig. 6. Total household power demand for consumers willing to charge their
EV with lower prices (within the period starting from 10 P.M.).

to the other periods of the day: 4 cents/kWh at 6 P.M. and
4.5 cents/kWh at 7 P.M. This issue surely has an impact on
the total daily cost of household power demand supply.

The second preference of the consumer for charging EV
with lower prices within the period starting from 10 P.M.
provides the total household power demand profile shown
in Fig. 6. This type of operation leads to 51.7 cents daily
electricity consumption cost.

It should be noted that the reason for presenting these mon-
etary values for this case and the cases that will be discussed
below is to better present the impact of different preferences
and the proposed methodology on the cost reduction for the
daily operation of a household. These monetary values were
not just given as numbers; instead, they will further be used to
give percentages for the cost reduction for each case compared
to a base case. To be able to provide a comparative analysis
in order to present the merits of the proposed methodology,
such percentages will be necessary.

Shifting further the EV charge to even more low-price peri-
ods after midnight starting from 2 A.M., is also considered as
a different case. This leads to a significantly lower total cost
of 33.3 cents. However, this issue has a serious disadvantage
of providing new peaks in normally off-peak periods of utility
load as seen in Fig. 7 and requires a further power limiting
action like in [12]–[14].

As a further case study, the consumer’s will to charge the
EV with lower prices together with an EV V2H option to
decrease the energy procurement from the grid during peak
price periods is examined. The total household power demand
profile is shown in Fig. 8. It is considered in this case study
that as soon as the EV owner arrives home at 6 P.M., the EV is
plugged-in and the household power demand is supplied by the
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Fig. 7. Total household power demand for consumers willing to charge their
EV with lower prices (within the period starting from 2 A.M.).

Fig. 8. Total household power demand for consumers willing to charge their
EV with lower prices together with EV V2H option (within the period starting
from 10 P.M.).

Fig. 9. EV battery state-of-energy variation for consumers willing to charge
their EV with lower prices together with EV V2H option (within the period
starting from 10 P.M.).

EV until the battery energy reaches the lower battery energy
limit. After reaching this limit, procurement of energy from
the grid starts again. Besides, the EV is charged during lower
price periods. The total daily consumption cost is 49.6 cents
if the EV is charged within the period starting from 10 P.M.

The EV battery state-of-energy variation in this period is
presented in Fig. 9.

As can be seen, the stored energy level of the EV bat-
tery reduces while connected to the household in V2G mode
to the predefined lower limit of discharge and the EV bat-
tery remains idle after this period until the charging process
within the period starting from 10 P.M. Then, the EV battery
is charged with the maximum allowed charging power until it
is fully charged for the day-ahead utilization of the consumer.

It should be noted here for Figs. 8 and 9 (and for all other
figures) that the hour written below the figure corresponds to
the time interval between the written hour and the next hour.
For example, 6 P.M. (the time EV arrives home) corresponds

Fig. 10. Total household power demand for consumers via proposed HEM
strategy without EV V2H option.

Fig. 11. Total household power demand for consumers via proposed HEM
strategy with EV V2G option.

to the time interval from 6 to 7 P.M. in Fig. 9. This is why
the state-of-energy value is less than the initial state-of-energy
value of EV battery at 6 P.M. in Fig. 9 as 6 P.M., also includes
the utilized energy from EV till 7 P.M.

If further lower price periods after midnight starting from
2 P.M. are considered for the EV charging with V2H option
in this case study, the cost decreases to 23.6 cents. This is the
result of the combined impact of V2H option in peak periods
and EV charging in lower price periods.

Since now, manual DR activities have been analyzed in
terms of the impact of different consumer preferences on daily
electricity cost. However, as the main advantages of a smart
household are considered to be clearer with the implementa-
tion of an automatic HEM system, the impacts of employing
such a system on costs for different options is also evaluated
in this paper. The HEM system considers the daily electricity
prices declared by the entity that serves the load, together with
regular load demand patterns of the household to decide the
optimum operating strategy.

Firstly, the EV charging by optimization-based HEM strat-
egy without V2H option is evaluated. The HEM-based EV
charging strategy results in the total household power demand
shown in Fig. 10. As seen in Fig. 10, the HEM strategy auto-
matically shifts the EV charging after 2 A.M. and especially
after 4 A.M., and the EV charging power is at its highest
level due to the lowest electricity prices throughout the day.
This type of operation leads to a total daily electricity cost
of 30.5 cents that is considerably lower than the case where
consumers manually decide the charging time of their EVs
without V2H option.

As a further case study, the HEM-based EV operation with
the V2H option is examined. The beginning of EV charging
is automatically shifted to 3 A.M. as can be seen in Fig. 11,
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Fig. 12. EV battery state-of-energy variation for consumers via proposed
HEM strategy with EV V2H option.

Fig. 13. Decomposition of household power demand satisfaction via proposed
HEM strategy for consumers with EV V2H-V2G and ESS2H-ESS2G options.

similarly to the previous case study where the HEM-based EV
operation is evaluated without V2H option.

The state-of-energy variation of EV battery in this case is
shown in Fig. 12. The EV battery stored energy level reduces
until it reaches 30%, remaining at this level while EV is
in idle mode and reaches 100% after charging, respectively,
throughout the daily operation. This HEM-based operation
with additional V2H option leads to a total daily cost of
21.9 cents.

As the last case study, a household including an addi-
tional ESS together with the capability of two-way energy
trading with the grid via V2G and ESS-to-grid (ESS2G)
options of EV and ESS, apart from the regular V2H and
ESS-to-home (ESS2H) operations, is considered.

This additional ESS aids the peak clipping and valley filling
by charging using power produced by the PV or bought by the
grid and discharging in peak price periods. The relevant results
concerning the power balance for load supply are presented in
Fig. 13. It is obvious that the ESS and EV supply a varying
portion of the load and are charged in off-peak price periods.
The corresponding results of ESS and EV state-of-energy are
shown in Fig. 14, where the charging/discharging cycles of
ESS and EV are seen in detail, and it is evident that they are
directly affected by the flat selling-back to the grid price. It
should be noted that the left side y-axis of Fig. 14 corresponds
to the EV state-of-energy interval while the right side y-axis
corresponds to the ESS state-of-energy interval.

All the case studies based on HEM provide new significant
peaks in former off-peak periods till now. As the HEM system
automatically shifts the charging of EV to lower price periods,
this is likely to happen in real-life conditions.

Fig. 14. EV and ESS state-of-energy variations for consumers with EV
V2H-V2G and ESS2H-ESS2G options.

Fig. 15. Decomposition of household power demand satisfaction via proposed
HEM strategy for consumers with EV V2H-V2G and ESS2H-ESS2G options
further restricted by peak power limiting DR.

Thus, as an extra evaluation under the last case study, a peak
power limiting DR strategy is also considered in addition to
price-based DR strategy that is much likely to be faced in real
life as LSE can limit the power that is drawn from the grid in
certain peak power periods to avoid more sharp peaks similar
to [15]–[17]. All the operational possibilities of PV, EV, and
ESS are still available. This peak power limiting operation is
conducted between 7 P.M. and 6 A.M. with a peak power limit
of 2 kW in this paper, and the relevant results are presented
in Fig. 15.

Due to the limitations during periods where EV charge is
shifted in Fig. 13, the EV charging has to begin earlier this
time in order to have a fully charged EV battery in the morn-
ing, which leads to the utilization of more power from the
grid in higher price periods. This causes an extra cost which
results in a total daily cost of 29.6 cents.

However, in terms of this extra cost, the new peak periods
faced in after midnight periods are prevented, as can be seen
from Fig. 15.

The comparison of the different case studies in this paper
is summarized in Table I. It is clear that different consumer
preferences in a smart household have a significant impact on
daily operating costs. The worst case scenario is considered
as consumers having no ESS and willing to charge their EV
immediately, which is significantly close to our current daily
habits, unfortunately.

Compared to this base case, the total HEM strategy with all
opportunities of EV and ESS operation provides a cost reduc-
tion of 65.3%. It is also clear that the additional V2G option
of EV together with the employment of an extra ESS provides
a reduction of nearly 3% compared to the case where HEM
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TABLE I
COMPARISON OF DIFFERENT CASE STUDIES

Fig. 16. Energy sold-selling price relation for consumers with EV V2H-V2G
and ESS2H-ESS2G options.

strategy with just EV V2H option and without ESS is consid-
ered. As mentioned before, the flat rate paid to the household
owner for selling energy back to the grid was considered as
3 cents/kWh.

Fig. 16 presents the effect of different flat rates on the deci-
sions of the HEM system for energy exchanges. The flat rates
considered in the mentioned evaluation can also be observed
from the perspective of the ratio of the selling price to the
average buying price, which is 2.93 cents/kWh as derived from
Fig. 4. Accordingly, these ratios for the considered flat rates
of 1, 2, 3, 4, and 5 cents/kWh are respectively calculated as
34.1%, 68.2%, 102.3%, 136.4%, and 170.5%.

If the results in Fig. 16 are examined, the more the flat
rate is, the more energy is sold back to the grid. This leads
to a more profitable operation, even leading to a minus cost
(profit).

The prices used in this paper are assumption-based and can
change from region to region related to many factors. For
instance, in restructured power systems, entities that serve the
individual loads that do not participate immediately in the mar-
ket (e.g., aggregators, retailers, etc.) provide a price signal that

allows them to maximize their profits in a context of provid-
ing the least possible prices to the end-users, so that they can
retain them as customers in a competitive environment. Also,
the price at which they are willing to buy electricity back from
the end-users (flat or dynamic) is determined by the same ratio-
nale. Also, energy pricing can be affected by the state policy
that promotes the development of specific technology markets
(e.g., like many EU countries have been giving significant eco-
nomic incentives and subsides in order to promote small- and
large-scale solar energy systems). This paper included an off-
line optimization that decided the scheduling of appliances for
the 24-h operation with the assumption of a day before notice
for the price signaling and perfect knowledge of the user’s
habits.

It should be noted that for the proposed technique to be
effective, an estimate of the preferences of different EV own-
ers by the LSE can also be necessary. Nevertheless, several
solutions to this problem are already provided in the literature
by dynamic EV scheduling [26], demographical data-based
estimation [27], and probabilistic power flow calculations with
EV uncertainty [28]. Also, forecasting tools can be success-
fully employed as part of the smart household infrastructure,
which provides detailed data to the LSE from each end-user
premise, and in turn can provide enough information to obtain
a forecast of the general preferences of EV owners.

The key challenge for implementing the proposed idea can
be the computational efficiency. It takes just 0.11 s to solve
the problem for the last case as an example using a Dual Core
Laptop with 2 GHz CPU and 8 GB RAM, which can give an
insight of the computation time required for the methodology.
The developed model that is utilized in off-line way of appli-
cation in this paper can also be modified to be employed in
online way by using dynamic programming. The uncertainty
related to the deterministic PV system power production curve
in offline mode can be handled using forecasting tools that are
frequently used both in small and big size of applications. The
uncertainty of knowledge of dynamic pricing data for upcom-
ing hours can also be solved by shortening the scheduling
horizon, considering the horizon of pricing data sent from LSE
via smart metering. Besides, the uncertainties related to the
state-of-energy of EV when arriving home can be solved with
a second stage of optimization to adopt the operation schedul-
ing via upcoming such as real-time data. Tools such as neural
networks could also be fed with daily data and therefore such
tools could defer the need for multistage programming.

IV. CONCLUSION

In this paper, as the main contribution to the literature on
smart household operation, the investigation of a collaborative
evaluation of dynamic-pricing and peak power limiting-based
DR strategies, a distributed small-scale renewable energy gen-
eration system, the V2H and V2G capabilities of an EV
together with two-way energy trading of EV (using V2G
option) and ESS was provided using a MILP framework-based
modeling of a HEM structure. Two-way energy exchange was
allowed through net metering. The energy drawn from the grid
has a real-time cost, while the energy sold back to the grid is
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considered to be paid a flat rate. This paper makes two basic
assumptions. Firstly, the complete real-time pricing signal
is known perfectly before the beginning of the offline opti-
mization horizon. Also, the user preferences and consumption
behavior are assumed to be accurately known. Real data from
a typical four-member Portuguese family house and a PV plant
were used. Several test cases were examined. The impacts of
an extra DR strategy based on peak power limiting were also
investigated. At the base case it was assumed that consumers
were willing to charge their EV as soon as they arrive home
and they own neither HEM system, nor ESS. Compared to this
base case, which is also associated with the most expensive
daily operation, the proposed strategy provided a more effi-
cient operation by means of electricity cost reduction, reaching
about 65%, which is significant. By adding more smart tech-
nologies, the operation that is coordinated by a HEM system
offers a more economically efficient use of electricity. Indeed,
smart technologies that will emerge in the future will provide
more flexibility and economic possibilities for an end-user to
participate into the power market, provided that the electricity
market regulatory framework keeps up with the technological
advances. Surely installation costs should also be considered
in order to assess the actual benefits of such investments. The
proposed methodology can be easily adapted to larger for-
mulations including shiftable appliances (washing machine,
dishwasher, etc.) and other controllable appliances (HVAC,
etc.) for the extension of the smart household concept. The
optimum operation of a neighborhood consisting of multiple
smart households is also an easily adaptable extension of the
proposed methodology, changing the objective function to be
a minimization or maximization problem from the perspective
of LSE of a multiobjective problem considering both the ben-
efits of LSE and end-user household owner. Thus, the model
can provide a good basis for expanding its use in larger scales.
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