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Abstract—Accelerated development of eco-friendly technologies such as renewable energy, smart grids, and electric transportation will shape the future of electric power generation and
supply. Accordingly, the power consumption characteristics of
modern power systems are designed to be more flexible, which
impact the system sizing. However, integrating these considerations into the design stage can be complex. Under these terms,
this paper presents a novel model based on mixed integer linear
programming for the optimization of a hybrid renewable energy
system with a battery energy storage system in residential microgrids in which the demand response of available controllable
appliances is coherently considered in the proposed optimization
problem with reduced calculation burdens. The model takes into
account the intrinsic stochastic behavior of renewable energy
and the uncertainty involving electric load prediction, and thus
proper stochastic models are considered. This paper investigates
the effect of load flexibility on the component sizing of the system
for a residential microgrid in Okinawa. Also under consideration
are different operation scenarios emulating technical limitations
and several uncertainty levels.
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I. N OMENCLATURE
BAq , BO&M , BRep Annualized acquisition, operating, and
replacement costs of the battery ($/kWh).
Prices of purchasing and selling electricCP (t), CS (t)
ity at t ($/kWh).
Task commitment duration of an appliDApp
(h).
ance type
InvAq , InvO&M , Annualized acquisition, operating, and
replacement costs of the inverter ($/kW).
and InvRep
,
Indices of appliance types.
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during H .
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Number of appliances of type .
NApp
Installed battery capacity (kWh).
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Installed capacity of the bi-directional
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inverter (kW).
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Installed capacity of the PV array (kW)
Installed capacity of wind turbines (kW).
Annualized acquisition and operating
costs of PV ($/kW).
Average power consumed by an online
(kW).
appliance
Battery
maximum
charge/discharge
power per kWh (kW).
Battery charged and discharged power
at t (kW).
Maximum grid power that can be purchased or sold (kW).
Hourly grid purchased power (kW).
Total power consumption at t (kW).
Non-controllable load power at t (kW).
Grid-purchased power, dispatched to supply the load at t (kW).
Grid purchased power, dispatched to
the DC side for charging the battery
at t (kW).
Hourly generated power by installed
PVs (kW).
PV power dispatched to AC at t (kW).
PV power dispatched to charge the battery
at t (kW).
Generated power by equivalent 1 kW PV
at t (kW).
Power sold to the grid at t (kW).
Hourly generated power by installed
WTs (kW).
WT power dispatched directly to the AC
side at t (kW).
WT power dispatched to DC to charge the
battery at t (kW).
Generated power by equivalent 1 kW WT
at t (kW).
Battery stored energy at the beginning of
the t th hour (kWh).
Battery capacity fade at the beginning of
the t th hour (kWh).
Minimum allowed state of charge for the
battery.
Maximum allowed state of charge.
Initial state of charge of the battery at the
beginning of the optimization period.
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Zt,
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Duty cycle, or the period of time that
all schedulable appliances have to be
committed once within (h).
Binary variable expressing the grid power
flow state (1 for purchasing and 0 for
selling) at t.
Annualized acquisition and operating
costs of WT ($/kW).
Binary factor expressing the occurrence
at t.
possibility of Task
Degradation factor of the considered battery technology.
Set of all shiftable appliance types available in the microgrid.
Set of hours (time horizon) in the optimization problem.
Shifting time windows of appliances
type , .
Energy conversion efficiency from AC to
DC and vice versa.
Battery roundtrip efficiency.
II. I NTRODUCTION

ONVENTIONAL power generation systems use fossil fuels as a primary source of electricity, yet these
finite natural resources are known to be the dominant producers of greenhouse gases. In order to reduce harmful
emissions and meet the increased global electricity demand,
renewable energy sources (RESs) are introduced as future
replacements. The intensive research and development in this
field has led to a huge growth in RES installations that are
driven by cost decreases [1], [2]. However, the irregularity of
RESs, and the limitations of available battery energy storage system (BESS) technologies prevent a high level of RES
integration. Hybrid renewable energy systems (HRESs), comprising different renewable energy technologies in one design,
are helpful since they provide a higher balance in energy
supply as compared to a single-source system.
Smart grids (SGs), which are perceived as next generation power systems, provide two-way communication channels
between energy generation sources and end users [3], and
allow the shift of demand to off-peaks or to renewable
generation periods. This offers reduced operations and management costs for utilities, lower power costs for consumers,
and ultimately, reduced emissions [4]. Furthermore, the recent
increase in the use of electric vehicles (EVs) will increase
electricity demands, but at the same time will increase energy
demand flexibility by the control of EVs charge periods and
other vehicle-to-grid applications [5], [6]. Due to these facts,
the planning, operation, and management of future power systems will not be identical to those of conventional power
systems, where all of the involved technologies should be
considered in the design stage.
The literature reporting the problem of sizing RESs, can be
classified in two main categories. The first category includes
integrating RESs into conventional power systems where the
smart control of the electric load is not considered, and it
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has received the most attention in the available literature.
Here, we include and review some of them [7]–[13]. For
example, Alsayed et al. [7] presented a multi-criteria decision
making algorithm for sizing a PV-wind system that satisfies a certain balance of economic, environmental, and social
factors. Reference [10] also presented a multi-criteria sizing
algorithm that was solved using a particle swarm optimization method. The sizing algorithm introduced in [13], adopted
a novel power filter for limiting the fluctuation of renewable
generation, and thus improve the stability of the electric grid.
The second category pays attention to integrating RESs
with SGs, where the potential role of EVs and other
flexible electric loads for accommodating higher levels of
renewables are highlighted. Some related literature is found
in [14]–[19]. Reference [14] proposed a stochastic method,
based on a Monte Carlo simulation and particle swarm optimization, for sizing a smart household energy system which
takes into consideration the demand uncertainty. Another
stochastic based optimization that accounts for load shifting is
presented in [15]. Regarding the EV utilization in power system application, the effect of different EV control strategies
in reducing surplus wind generation and harmful emissions
was investigated [16]. A study investigating EV effect in high
PV penetration scenarios is found in [17]. However, in the
majority of the aforementioned studies, which were set for
long-term evaluation, the energy management of the system
is rule-based, i.e., it employs a predefined operation strategy,
which means that it might not be optimal.
On the other hand, the short-term scheduling of SG to
achieve optimal control of energy dispatch and demand side
management (DSM) in daily operation scenarios has been the
main focus of [20]–[27]. In light of this, the current work
introduces a reliable and efficient framework for optimizing HRES with BESS for supplying residential microgrids
based on intelligent management. Fig. 1 shows a general block
diagram of the proposed system. It utilizes PV and wind turbine (WT) generators as its renewable sources, a BESS, and
a bi-directional inverter for converting energy from AC to DC
(and vice versa). The electric demand features controllable and
non-controllable loads.
The novelty of this work lies in developing an integrated
model that accounts for the different aspects and characteristics of energy consumption in modern power systems. More
importantly, the load flexibility gained by using smart grid
demand response programs, that enable the scheduling of high
energy-consuming appliances such as washing machines, cloth
driers, dish washers, and EVs in aims to benefit the users rather
than treating them as randomly committed appliances.
Therefore, it coincides with the principle of a smart grid
operation. The model can be applied to large-scale design
cases including numerous operation patterns, without imposing
high computational burdens. In order to estimate all electricity
consumption aspects, TRNSYS software is used to simulate
the dynamic thermal behavior of residential buildings, and predict the required electric energy for supplying the thermal load,
which partly contributes to the non-controllable load of the
residential community. Furthermore, the uncertainty in prediction of electric load and renewable energy resources are
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Block diagram of the contemplated system.

described by proper probability distribution functions (PDFs),
and introduced into the optimization using scenario generation techniques. The optimization method employs mixed
integer linear programming (MILP) since it can solve longterm scheduling problems by satisfying all restrictions and
guaranteeing the optimal power management of the microgrid,
where other heuristic optimization methods combined with
simple power management strategies might fail. The MILP
model is generated for three years and solved using the highperformance IBM ILOG CPLEX Optimization software that
returns the decision variables: PV, WT, BESS, and inverter
capacities, in addition to the hourly power dispatch decisions
along the optimization horizon. The proposed optimization
method can be used for planning new systems, or for upgrading systems already in operation to ensure that the growing
electrical demand is efficiently served. A case study of a residential community in Okinawa, Japan is proposed to discuss
the effect of load flexibility on component sizing, and other
aspects of the system under different scenarios of operation
and uncertainty.
III. O PTIMIZATION M ODEL AND F ORMULATION
Fig. 2 shows the general framework of the optimization
process that starts by feeding the available one-year weather
data record into stochastic models for generating three-year
long weather data. The generated data is then fed into the PV,
WT, and TRNSYS models to predict the hourly power generation from 1 kW PV and WT, and the thermal profile of
the residential buildings. These profiles, in addition to other
data, are introduced to an MILP model, to optimize the system
design. The formulation of the model is displayed next, where
the considered discrete time step is one hour (t = 1), and
for ease it will be dropped from all formulas.
A. Energy Balance
The power dispatched from the WT, PV, and the grid/diesel
genset, are represented by two components each, as shown
in Fig. 1. The energy balance is preserved by applying two
equations: one for the AC bus and another for the DC bus, at

Fig. 2.

Framework of the optimization process.

each hour t ∈ T, as in the following:
 ac

ac
Pac
WT (t) + ηDC/AC PPV (t) + PDch (t) + PPG (t)
= PL (t) + PSG (t)


dc
ηAC/DC PWT (t) + Pdc
+ Pdc
(t)
PV (t) = PCh (t)
PG

(1)
(2)

Given that renewable energy resources are highly irregular
and under high-penetration renewables, the renewable generation can be much higher than the power consumption, and thus
the ability for curtailing renewable generation in such cases
is implemented by using the following constraints that limits
the dispatched power by the maximum available generation at
that hour:
dc
Pac
WT (t) + PWT (t) ≤ NWT · PWT1 (t)

(3)

dc
Pac
PV (t) + PPV (t) ≤ NPV · PPV1 (t)

(4)

The purchased/sold power should not exceed the substation
capacity or the maximum contracted power:
dc
Pac
PG (t) + PPG (t) ≤ u(t) · PG
PSG (t) ≤ (1 − u(t)) · PG

(5)
(6)

Generally, the variable u is used to restrict the simultaneous purchasing and selling of power since it is perceived as
a profitable solution (help minimizing the objective function)
when selling prices are higher than the purchasing prices, and
it is the only binary variable in the formulation. Accordingly,
this variable is not needed if the simultaneous purchasing and
selling is not profitable, and the problem can be formulated as
linear programming rather than MILP.
PWT1 is calculated as a piece-wise function of the wind
speed v and the wind turbine related parameters as follows [6]:
⎧
0,
if v(t) < vci or v(t) > vco
⎪
⎪ 3
⎨
v (t) − v3ci
PWT1 (t) =
if v(t) > vci & v(t) < vr (7)
3
3
⎪
⎪
⎩ vr − vci
1,
if v(t) > vr & v(t) < vco
where vci , vr , and vco are the cut-in, rated, and cut-out wind
speeds. Given that these parameters are highly dependent on
the WT size, a 50 kW WT, which is considered proper for
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At the end of the time horizon, the stored energy should be
larger than the initial stored energy to ensure that all of the
energy cost is evaluated:
QB (|T|) ≥ SOC0 · NB

(14)

Charge and discharge power are limited in each time step
as following:

Fig. 3.

PCh (t) ≤ NB · PB
PDch (t) ≤ NB · PB .

Output power curve of an equivalent 1 kW WT.

(15)
(16)

C. Inverter Model
the objective design, was chosen. The parameters values are
3, 10, and 20 m/s for vci , vr , and vco , respectively, and the
resulted power curve is shown in Fig. 3. Generally, the search
space for WT size is not continuous (integer), however, the
optimized size can be roughly met using different size combinations of available commercial WTs. Therefore, and for
acceptable tolerance, NWT was treated as a continuous variable. PPV1 is calculated as a function of the incident global
solar radiation IG and ambient temperature Ta as follows [28]:
NOCT − 20
0.8
Kp
IG (t)
PPV1 (t) = Yd
1−
(Tc (t) − TSTC )
IS
100
Tc (t) = Ta (t) + IG (t)

(8)
(9)

where Tc : cell temperature (◦ C), NOCT: nominal operating
cell temperature (◦ C), Yd : Derating factor due to dust accumulation, IS : standard radiation (kWh/m2 ), Kp : Power temperature
coefficient (%/◦ C), TSTC : cell temperature at standard test conditions (◦ C). The incident global radiation depends on the solar
panel tilt angle, and thus Meteonorm software was used to calculate the radiation at 30◦ tilted surfaces, which is considered
optimal in the objective location.
B. Battery Charge and Discharge Model
This group of constraints guarantees that the battery operation model will match the power and energy charge/discharge
limitations.
The energy change of the battery over one hour is given as
QB (t + 1) = QB (t) + ηr PCh (t) − PDch (t)

(10)

The stored energy is restricted by the minimum and maximum allowed SOC as follows:
QB (t) ≤ SOC · NB − Qf (t)
QB (t) ≥ SOC · NB

(11)
(12)

where Equation (11) considers the battery capacity fading with
use, which is often assumed proportional to the discharge
energy drained from battery through time [29]. At any given
hour, the total capacity fade is expressed as:
Qf (t + 1) = Qf (t) + ZB · PDch (t)

(13)

where ZB is the linear degradation factor that was analyzed
for different battery technologies, based on long-term field
measurement of BESS in [30].

The nominal capacity of the bi-directional inverter is formulated to be greater than any electric power that can pass
through in both directions:


(17)
ηDC/AC PDch (t) + Pac
PV (t) ≤ NInv


dc
dc
ηAC/DC PWT (t) + PPG (t) ≤ NInv .
(18)
D. Load Model
Three main parts of the load are considered:
i. Thermal load: The main reason for energy consumption
change from season to season. Thus, TRNSYS software
is used to predict the yearly thermal load required for
a typical 100 m2 one-story Japanese house in Okinawa.
A range of 22–27 Celsius is maintained daily between
07:00 and 23:00 for a 50 m2 effective heating/cooling
area. The outer walls feature heat-insulating layers, and
the house is naturally ventilated at an hourly rate of 0.6.
The one house generated profile, shown in Fig. 4, is
scaled due to the number of houses in order to express
the total thermal load in the microgrid. In Okinawa, the
required thermal load mainly results from cooling the
buildings in hot weather. Accordingly, the thermal load
is fully supplied by electric heat pumps, where the corresponding electric consumption can be calculated after
estimating the hourly coefficient of performance (COP)
of the residential heat pump, defined as the ratio of
heating or cooling provided to electrical energy consumed, based on the ambient and indoor temperature
that resulted from the simulation and shown in Fig. 5.
ii. Non-controllable appliances: Every house has uncontrollable electric appliances devoted to users’ habits and
their needs, such as cooking appliances, hair dryers,
vacuum cleaners, lighting, computer, etc. These Noncontrollable appliance consumption, in addition to the
thermal load, form the total non-controllable load, PNCL .
iii. Controllable load: Table I, lists some high consumption
appliances in the residential sector. These appliances
can be committed within different shifting time windows that are chosen to accommodate residential consumers, even without using automated self-scheduling
devices. Domestic water heaters can also be considered as a controllable appliance. However, in Okinawa,
a solar assisted heating system, coupled with gaspowered heaters are more efficient and widely used.
Thus, it is not included in our case. Table I also lists

1208

IEEE TRANSACTIONS ON SMART GRID, VOL. 7, NO. 3, MAY 2016

Fig. 4.

Yearly sensible cooling profile for a 100 m2 family house in Okinawa.

Fig. 5.

Yearly ambient and indoor temperature simulation.

three different patterns of EVs charging time windows.
The first and second patterns, denoted as EV1 and EV2,
represents those people who are committed to their
daily jobs, and are disconnected from the grid between
7:00–18:00. EV1 can utilize the cheap charging rates
during the early morning hours, whereas EV2 represents people with more strict needs that they charge
during the evening time. EV3 features homemakers and
non-employed people patterns, where their vehicles stay
connected to the microgrid during most of the day. The
usage frequency indicates how often a certain appliance
type is used every day, but in the case of EV, the usage
frequency represents the percent of each pattern.
The developed load model ensures the representation of all
of the aforementioned load parts by aggregating the whole
operation patterns, without requiring modeling each type of
appliance as a new variable in the optimization. This reduces
the problem size and the required optimization time. The
model is expressed by the following constraints:
For each appliance type ∈ A, the total electric load during its shifting time window H , should be larger than the
minimum electric consumption, due to the mandatory occurrence of some tasks in addition to the non-controllable load
within H . This relation is applied every D hour along T:
PL (t) ≥
t∈H

NApp PApp DApp F
∈A

,

+

PNCL (t)

(19)

t∈H

represents the ratio of the minIn the above equation, F ,
during H to the
imum operation time of appliance type
task duration DApp , and it can be calculated as:

K ,
F , = 1 − min
,1
(20)
DApp

TABLE I
C ONSIDERED A PPLIANCES AND T HEIR S PECIFICATIONS

where K , represents the maximum number of consecutive
, that has to
hours of H \H for an appliance of type
be operated continuously (such as the operation of washing
machines), or it can also represent the number of total hours of
that can be operated discretely
H \H for an appliance
(such as the charging of an EV). It should be noted that if
there were two different types of appliances that share the
same shifting window, they would have the same constraints.
In other words, this set is required only once for each different
shifting window, which reduces the problem size.
The second constraint limits the minimum consumption at
each t ∈ T to the non-controllable load required at each step:
PL (t) ≥ PNCL (t)

(21)

The following constraint guarantees that the total consumption every D hour along T equals the expected
total load:
D

D

NApp PApp DApp +

PL (t) =
t=1

∈A

PNCL (t)

(22)

t=1

Given that some appliance types require several hours to
commit to their tasks, such as EV that requires 3 × 2 kWh
as shown in Table I, and in order to prevent solutions that
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Yearly expected load along with other scenario generated profiles corresponding to different uncertainties.

accumulate the required energy for the appliance into one time
slot, i.e., 1 × 6 kWh in case of EV, the following constraint is
added:

data records are classified into 12 sets, one for each month,
and then every set is sorted into 24 subsets, where each subset
corresponds to one hour of the day. The subsets are fit into
proper probability distribution functions (PDFs), Gaussian for
PL (t) ≤
NApp PApp Zt, + PNCL (t)
(23) solar radiation, and Weibull for wind speed [14], in order to
∈A
obtain 24 fits for solar radiation and other 24 fits for wind
is defined as
where Zt,
speed for each month of the year. In addition, there is a high

uncertainty involving the prediction of electric load due to
1 if t ∈ H
Zt, =
(24) the variation of habits, or due to the lack of information. For
0 if t ∈
/H .
example, families tend to heat/cool different space sizes of
their homes, leading to a deviation of the 50 m2 value that we
E. Economic Model
considered in the TRNSYS simulation as the effective coolThe objective function minimizes the annualized cost of the ing area. Furthermore, large microgrids combine various house
system (ACS), which includes the acquisition, operation and and building designs that are difficult to account individually,
maintenance (O&M), replacement, and power purchasing costs and in order to deal with such uncertainties, the expected nonof the grid, while maximizing the profit of selling power to controllable load is subjected to a Gaussian PDF, where its
the grid. The cost function is written as:
median value is the hourly expected load, and its standard




deviation (SD) is considered in a way that reflects the involved
ACS = NPV PVAq + PVO&M + NWT WTAq + WTO&M


uncertainty. Fig. 6 shows the yearly expected load profile of
+ NInv InvAq + InvO&M + InvRep
the microgrid (SD = 0%), along with other scenario gener

+ NB BAq + BO&M + Qf (|T|)BRep
ated profiles corresponding to different uncertainties. In the




dc
CP (t) Pac
+
(t)P
(t)
(25) proposed case study, the uncertainties effect on the system
+
P
−
C
(t)
(t)
S
SG
PG
PG
design is analyzed.
t∈T

where in the above formula, the term Qf (|T|)BRep represents
the battery value loss due to capacity fade, and it is expressed
as the product of battery capacity loss at the end of the
optimization horizon and the replacement cost. PV and WT
have no replacement costs, whereas one replacement is necessary for the inverter during the project lifetime. The price
of power purchasing and selling should be considered according to the local power legislation and the tariff of the design
location.
F. Stochastic Model
Renewable energy resources like solar radiation and wind
have an intrinsic stochastic behavior that leads to remarkable
variation from one year to another. This may badly affect
the optimization quality. Therefore, the scenario generation
method, a well-known strategy for modeling stochastic behavior, is used to generate several years of weather data, and
is solved as a deterministic model. Weather data is highly
dependent on the daytime and season, therefore, the yearly

IV. C ASE S TUDY
A residential microgrid in Okinawa that features an average daily demand of 4000 kWh was considered, where an
average household daily consumption in this area is around
15 kWh [31]. We expressed the load flexibility by the percent
of controllable demand to total demand, denoted as PerCL .
Regarding Table I, a PerCL = 15% can be roughly achieved
by scheduling the first three types of electric appliances. With
consideration of one EV per house, this might reach up to more
than 40%. This is an average estimation, where in summer,
PerCL decreases due to higher thermal load, whereas in winter it increases. In order to show the load flexibility effect on
the optimal design, several values of PerCL were considered:
0, 15, 30, and 45%. PerCL = 0% represents the conventional
design case, where there is an absence of demand response
programs. PerCL =15% considers mainly the demand management of house appliances with some EVs if required to achieve
the percentage. PerCL = 30 and 45% emulate 60 and 100% of
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TABLE II
E CONOMIC DATA OF THE S YSTEM C OMPONENTS

TABLE III
T ECHNICAL DATA AND C ONSTANTS VALUES

TABLE IV
O PTIMIZATION R ESULTS OF S CENARIO 1

Fig. 7.

Fig. 8.

Monthly average daily global radiation at 30◦ tilted surface.

Monthly average wind speed.

EV adoption per family, respectively. Since we want to analyze the system sizing of these cases under equal total demand,
and since owning an EV will increase the consumption per
household, the number of consumers in each case is manipulated in accordance to the EVs number. For example, for
PerCL = 0 and 15%, the number of consumers is 266, while
for PerCL = 30 and 45%, the number of consumers are 215
and 190, respectively.
Tables II and III report economic and technical data, and the
other parameters that were considered during optimization of
the case study. The considered electricity time of use rates is
0.32 $/kWh from 7:00 to 23:00, and 0.12 $/kWh for any other
time in accordance to Tokyo Electric Power Company [32].
Fig. 7-8 shows the monthly average global daily radiation and
wind speed at the objective location, respectively.
The load flexibility effect was analyzed according to five
scenarios, where each optimization was carried for three years
long model. These scenarios and their optimization results are
reported below:
Scenario 1: In this scenario, it is considered that the system
can utilize all resources PV, WT and BESS, and the surplus
energy generated can be sold to the grid at a 20% reduced

price of the purchase rates to account for transmission loss.
Table IV shows the corresponding optimization results. Battery
size shows a high trend against PerCL , where it decreases, with
increases in the PerCL due to the augmented ability to align
the consumption to renewable generation or off-peak periods.
In cases of less flexibility, it is more economical to store the
renewable generation, then restore it when demanded, which
requires an increased BESS size. The increased flexibility of
the load can help better accommodating the fluctuant wind
generation, and therefore, the optimized WT size increases
whereas the PV size decreases when there is more flexibility
to shift the load toward the WT generation time. However, this
feature is limited due to the irregularity of renewable generation over the year. Fig. 9 shows a one-day simulation for the
energy dispatch every hour, where it can be seen that the power
is purchased during the late night and early morning cheap
rates and used to charge the battery and supply the load, and
during the high electricity rates, the battery is discharged to
supply the load and grid (selling). During the noontime when
there is high renewable generation, the shiftable load and the
battery are used to absorb the surplus generation that cannot
be fed to the grid due to the limited substation capacity. Some
parts of the load are also shifted to cheap rate periods within
the control limits. It is clearly seen that the MG optimal operation is complicated and requires comprehensive planning for
a several-day period, which cannot be accurately depicted by
simple power dispatch strategies.
Scenario 2: Considering the limitation to deploy large
capacities of RESs in many real-world design cases, this scenario focuses on sizing the system for matching the need of
the microgrid, while neglecting the profits of surplus generated power that can be sold to the grid. Table V shows
the corresponding results where the optimal capacities of
all components are much less than the corresponding ones
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TABLE VII
O PTIMIZATION R ESULTS OF S CENARIO 4 FOR SD = 10%

TABLE VIII
O PTIMIZATION R ESULTS OF S CENARIO 4 FOR SD = 15%

Fig. 9.

One day simulation of scenario 1.
TABLE V
O PTIMIZATION R ESULTS OF S CENARIO 2

Fig. 10.

TABLE VI
O PTIMIZATION R ESULTS OF S CENARIO 3

in scenario 1. The same trend of capacity change against load
flexibility as in scenario 1 is also observed.
Scenario 3: In addition to limiting the surplus energy selling, this scenario explores the load flexibility effect under
limited BESS. Therefore, only a 100 kW of BESS is assumed
to attenuate the power fluctuation of RESs. As shown in
Table VI, and compared to scenario 2, the optimized systems
utilize higher capacities of WT and lower capacities of PV that
is interpreted by a higher trend to use augmented integral characteristics of WT and PV generation when an energy storage
system is not available. Comparing the annualized cost change
of the system against PerCL to those in the previous scenarios, it can be observed that it is much higher in scenario 3,
indicating the potential achievable savings when using demand
response programs without BESS.

Assumed electricity rates with more flattened patterns.

Scenario 4: In the first three scenarios, a 5% of standard deviation was considered for incorporating the effect of
electric load uncertainty. In this scenario, higher uncertainties are contemplated to analyze the system sizing of new
residential areas, where a good prediction is not available.
Therefore, scenario 1 is optimized again under 10% and 15%
standard deviations, and the corresponding results are shown
in Table VII and Table VIII, respectively. Even with higher
uncertainties, the component sizing results are generally in
good agreement with those corresponding to 5% (Table IV),
indicating that the proposed sizing method has a good and reliable performance. However, the achievable cost saving against
PerCL increase is generally irregular and negligible in some
points as it is displayed in Table VIII between PerCL =15%
and PerCL =30%. Repeating the optimization for several times
can result in a more uniform cost prediction in such cases
involving large uncertainties.
Scenario 5: The impact of the utility pricing policy on the
system design is analyzed in this scenario. Since the original electricity rate analyzed in previous scenarios has an
attractive on/off peak price margin (0.2 $/kWh), three rates
with smaller margins are assumed as shown in Fig. 10 along
with the original rate. All these rates are symmetrical around
the value 0.22 $/kWh and the lowest on/off peak margin
is 0.08 $/kWh. Scenario 1 with PerCL =15% is again optimized according to these rates, and the results are displayed
in table IX. With a smaller on/off peak margin, the battery size
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TABLE IX
O PTIMIZATION R ESULTS OF S CENARIO 5

decreases significantly as expected due to lower peak-shaving
profits. However, the most remarkable point is that the PV size
decreases, whereas WT size increases with lower on/off margins. This is attributed to the fact that PV generation always
coincides with the on-peak price, while the wind generation
is distributed throughout all durations. Therefore, when the
rates gradually become more flattened, PV generation loses
its advantage while wind generation becomes more effective.
Furthermore, the power supply costs are expected to increase
noticeably with such rates.
Matlab software was used for generating the stochastic models and the MILP matrices. Then, the models were solved
by CPLEX optimization engine as a deterministic problem
consuming about 90 min per instance.
V. C ONCLUSION
Regarding the accelerated development of eco-friendly technologies such as RES, SG, and EV, which are finding increased
economic and social acceptance, planning an efficient electric
power system requires consideration of these technologies in
the design stage. Therefore, we introduced a method for sizing an HRES operating within the frame of a smart grid that
coherently considers the electric demand flexibility offered by
DSM. Contemplating a case study for a residential microgrid
in Okinawa, we studied the effect of demand flexibility on
HRES sizing and estimated the potential economic benefit
of such applications under different scenarios. Generally, the
optimal components sizing was affected by demand flexibility and strongly affected by operational conditions (scenarios),
asserting the potential use of the introduced method in modern smart grid design. The observed benefits gained by
demand flexibility were encouraging for the increased adoption of SG technology, especially when there are limitations to
using BESS.
In this study, our focus was limited to EV as consuming elements, where their potential use in vehicle-to-grid
application was not considered. In future research, we will
integrate vehicle-to-grid application after developing a proper
model for accounting to the performance of embedded lithiumion battery, as this can result in a more economically and
environmentally efficient system.
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