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Abstract: Power system scheduling of renewable energy sources has been studied extensively due to
the severe increase in pollution caused by conventional energy sources. In this study, a multi-objective
scheduling model of a hybrid microgrid is proposed to minimize the cost of hybrid microgrids and
maximize the power supply reliability. The main power generation units such as the wind turbines,
photovoltaic (PV) cells, and battery banks are used in this hybrid microgrid. In this study, the optimal
sizing of PV panels and battery banks are obtained using multi-objective particle swarm optimization
(MOPSO) for the proposed multi-objective scheduling model. The lifetime of battery banks is
considered in the energy storage system (ESS) model. Finally, the practicality of the scheduling model
proposed in this study is verified by four examples.
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1. Introduction
1.1. Background

The emergence of energy shortages and environmental pollution has led to the op-
timization of the size of distributed generations (DGs), particularly for renewable power
sources (wind power and photovoltaic (PV) cells) [1–3]. A microgrid can integrate DGs,
an energy storage system (ESS), and a load, and it can operate in the islanded mode or
grid-connected mode, which is an important aspect of future power systems [4].

The increase in capacity proportion of wind power generation and PV power gen-
eration in microgrids has resulted in challenges regarding power dispatch of the power
system because of its intermittency characteristics and the uncertainties related to the
output power of renewable energy [5]. The ESS ensures the safety and reliability of power
systems [6]. Additionally, it is important to optimize the size of PV power generation, wind
power generation, and battery banks in power systems. Sufficient PV power generation,
wind power generation, and battery banks can fulfill the load demand of the users. Simul-
taneously, they can also increase the cost of the hybrid microgrid. Conversely, insufficient
PV power generation, wind power generation, and battery banks cannot fulfill the load
demand of the users.

1.2. Literature Reviews

Recently, several scholars have conducted multiple studies to optimize the number of
hybrid microgrids with PV panels, wind turbines, and battery banks. In [7], the capacities
of hybrid microgrids of PV generation and wind generation were optimized to maximize
the economic profit based on an evaluation performed using a profit–cost ratio. In [8], the
optimal sizes for wind turbines, PVs, and diesel generators were obtained by minimizing

Energies 2021, 14, 6655. https://doi.org/10.3390/en14206655 https://www.mdpi.com/journal/energies

https://www.mdpi.com/journal/energies
https://www.mdpi.com
https://doi.org/10.3390/en14206655
https://doi.org/10.3390/en14206655
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.3390/en14206655
https://www.mdpi.com/journal/energies
https://www.mdpi.com/article/10.3390/en14206655?type=check_update&version=2


Energies 2021, 14, 6655 2 of 13

the investment and fuel costs. The Markov model was applied to the genetic algorithm, and
the optimal numbers of wind turbines, PVs, and diesel generators were determined. In [9],
a method of determining the optimal number of PV cells and wind turbines in a stand-
alone hybrid microgrid system, consisting of wind power, PV panels, and diesel energy,
was obtained by solving the economic dispatch. In [10], the optimum size of ESS was
determined by adapting to the specific photo-voltaic penetration level on the distribution
feeder. In [11], a clustering based on a time-dependent approach was proposed to evaluate
the effect of wind and solar generators to improve the reliability of power supply. This
approach is efficient compared with that of existing methods. In [12], an optimal sizing
model was proposed to determine the optimum system configuration by minimizing the
annualized cost of the systems. In [13], a system with a load, PV power, and wind power
generation was presented to optimize the size of intermittent renewable energy resources
in microgrids. In [14], an optimum sizing model was proposed to optimize the number of
several power generation units of the hybrid microgrid. The functions of electricity cost
and the reliability of power supply were considered in this model.

1.3. Aim and Contributions

The abovementioned studies focus on optimizing the size of DGs based on a variety
of dispatch models such as the economic dispatch model and emission dispatch model.
However, the lifetime of the battery banks has rarely been considered while determining the
cost of battery banks used in hybrid microgrids. The cost of battery banks was commonly
expressed by the depreciation of the investment cost of battery banks.

In this study, a multi-objective scheduling model that considers the lifetime of battery
banks is proposed to optimize the number of battery banks and PV panels. The multi-
objective function of the proposed scheduling model is to minimize the loss of power
supply probability (LPSP) and the cost of the hybrid microgrid.

1.4. Paper Organization

In Section 2, we present the generation unit models, including the PV generator, wind
generator, and ESS. The ESS model considers the lifetime of battery banks. Section 3
proposes a multi-objective scheduling model, which includes the multi-objective function
and a set of constraints. The flowchart of the scheduling model is described, and the
multi-objective particle swarm optimization (MOPSO) algorithm is presented in Section 4.
In Section 5, the simulation results of the four different cases are compared to verify the
practicality of the multi-objective scheduling model. Finally, the conclusion is presented in
Section 6.

2. Generation Unit Models

In this work, a hybrid microgrid consists of battery banks, PV generation, and wind
generation. These DGs, inverters, and controllers are the essential components in a hybrid
microgrid. The mathematical models of the DGs are introduced as follows.

2.1. PV Generation Model

Solar radiation intensity and temperature are the critical factors that determine the
output power of PV panels [15]. The output power of the PV model can be expressed as
follows [16–18]:

PPV = Pmax
GC

GSTC
[1 + n(TS − Tr)] (1)

where PPV is the PV power, Tr is the standard PV temperature of panels (which is set to
25 ◦C), TS is the surface temperature of the PV panels, n is the temperature coefficient
which is set to −3.7 × 10−3 (1/◦C), GSTC is the solar radiation intensity in the standard test
environment, GC is the solar radiation intensity, and Pmax is the maximum PV power at the
standard test conditions.
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2.2. Wind Generation Model

The wind power curve is the foundation of the wind generation model. Generally, the
output power of a wind turbine is determined by the following parameters: (1) cut-in wind
speed (a starting wind speed for the wind turbine), and (2) cut-off wind speed (a stopping
wind speed for the wind turbine). If the wind speed is excessively high, the wind turbine
should be slowed down to improve the safety of wind turbine. The wind generation model
can be expressed as follows [19]:

Pwind(t) =


0 v(t) ≤ vin

av(t)− bPr vin ≤ v(t) ≤ vrated

Pr vrated ≤ v(t) ≤ vout

0 vout ≤ v(t)

(2)

where Pwind(t) is the output power of wind time t, and vin and vout are the cut-in and
cut-out wind speed, respectively. v(t) is the wind speed at time t, Pr is the rated power
of the wind turbine, a = Pr/(v3

rated − v3
in),b = v3

in/(v3
rated − v3

in), and vrated is the rated
wind speed.

2.3. ESS Lifetime Model

The output power of wind turbines and PV panels cannot ensure power supply to
microgrids in islands due to the randomness and fluctuation in wind speed and solar
radiation, respectively. Therefore, the ESS is supplemented to reduce the shortage of power
supply. ESS promotes the penetration of renewable DG resources and improves the power
supply reliability [20]. In this work, the lifetime of battery banks was considered in the
ESS model.

The operation process of ESS can be divided into two processes: the discharging
process and the charging process. During the operation of ESS, the state of charge (SOC)
is increased during the charging process and the SOC is decreased during the discharg-
ing process.

During the charging process, the SOC of ESS can be expressed as [21]:

S(t + 1) = S(t) +
Pchar(t) · ηchar

Eess
(3)

where S(t) is the SOC of ESS at time t, Eess is the rated capacity of ESS, Pchar(t) is the
charging power of ESS at time t, and ηchar is the charging efficiency of ESS.

During the discharging process of ESS, the SOC of ESS can be expressed as [21]:

S(t + 1) = S(t)− Pdis(t)
ηdis · Eess

(4)

where ηdis is the discharging efficiency of ESS and Pdis(t) is the discharging power of ESS
at time t.

Generally, the cost of ESS is divided into two parts [21]: the operational and main-
tenance cost, and the depreciation cost. The cost of ESS can be described as the follow-
ing equation:

CESS = CESS.mainten + CESS.DP (5)

where CESS is the cost of ESS, CESS.DP is the depreciation cost of ESS, and CESS.mainten is the
operational and maintenance cost of ESS.

The depreciation cost of ESS is determined by the investment cost of battery banks
and the SOC of battery banks [22]. Therefore, in this study, the depreciation cost of ESS was
evaluated by considering the lifetime of battery banks. The energy throughput of battery
lifetime is mainly related to its rated capacity, and it was assumed that it is a fixed value [6].
As shown in Figure 1 [23], at a lower value of SOC, the discharging power of 1 kWh will
consume additional energy from the energy throughput of the battery lifetime.
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As shown in Figure 1, the relationship between the state of charge and weighting
coefficient can be expressed as:

f (S(t)) =

{
1.3 0 ≤ S(t) < 0.5

−1.6S(t) + 2.1 0.5 ≤ S(t) ≤ 1
(6)

where f (S(t)) is the weighting coefficient related to SOC.
From the above analysis, the battery loss coefficient considering its lifetime can be

expressed by the following equation:

λESS =

T
∑

t=1
((Pdis(t) + Pchar(t)) · f (S(t)))

Etotal
(7)

where λESS is the battery loss coefficient and Etotal is the energy throughput of the bat-
tery lifetime.

Etotal = NC · Pdischar (8)

where NC is the number of discharge cycles during the battery lifetime and Pdischar is the
output power of one cycle discharge of ESS.

Subsequently, the depreciation cost of ESS can be expressed as follows:

CESS.DP = λESS(CEEess + CPPess) (9)

where CE is the investment cost coefficient of ESS energy capacity, CP is the investment cost
of ESS power capacity, and Pess is the rated power of ESS.

3. Problem Formulation
3.1. Multi-Objective Scheduling Model

The economy and power supply reliability are the most important optimization
problems of power system scheduling. The multi-objective scheduling model proposed in
this paper minimizes the cost of the hybrid microgrid and the LPSP.

The purpose of the proposed multi-objective scheduling model is to optimize the
number of battery banks and PV panels. It should be noted that the rated capacity of wind
turbines was fixed in this work. In this section, the proposed multi-objective function is
described as:



Energies 2021, 14, 6655 5 of 13

3.1.1. Economic Objective

The economic objective aims to minimize the cost of the hybrid microgrid, including
the annualized cost of wind power, PV power, and battery banks. The cost in the hybrid
microgrid, f 1, is minimized in this objective, and it can be expressed as:

min f1 = Cwind + CPV + CESS (10)

The first item of (10), the cost of wind power, Cwind, can be expressed as:

Cwind = Cwind.invest
(1 + r)n1r

(1 + r)n1 − 1
+ Cwind.mainten (11)

where Cwind.invest is the investment cost of wind power generation, Cwind.mainten is the
operational and maintenance cost of wind power, r is the annual interest rate, and n1 is the
lifetime of wind turbines.

The second item of (10), the cost of PV power, CPV, can be expressed as:

CPV = CPV.invest
(1 + r)n2r

(1 + r)n2 − 1
+ CPV.mainten (12)

where CPV.invest is the investment cost of PV power generation, CPV.mainten is the operational
and maintenance cost of PV power, and n2 is the lifetime of PV panels.

The third item of (10), the cost of ESS, CESS, can be expressed as:

CESS = CESS.mainten + CESS.DP = kmainten

T

∑
t=1

(Pdis(t) + Pchar(t)) + λESS(CEEess + CPPess)

(13)
where kmainten is the operational and maintenance factor of battery banks.

3.1.2. Power Supply Reliability Objective

The second objective is to ensure the reliability of the power supply, which is repre-
sented by LPSP in this paper. The LPSP is minimized in this objective, which is expressed
as [18]:

min f2 =

T
∑

t=1
(L(t)− NPVPPV(t)− Pwind(t)− Pdis(t))

T
∑

t=1
L(t)

(14)

where NPV is the number of PV panels, L(t) is the load at time t.

3.2. Constraints

The generation units are subjected to several constraints. Therefore, the following
constraints should be considered: the power balance constraints, PV power constraints,
wind power constraints, ESS constraints, and the number of generator constraints.

3.2.1. Power Balance Constraint

Power generation and load demand subjected to the power balance constraint can be
expressed as:

L(t) + Pchar(t) = NPVPPV(t) + Pwind(t) + Pdis(t) + Pshort(t) (15)

3.2.2. PV Power Constraint

The PV power should be limited by the output power of PV panels. Therefore, the PV
power constraint is expressed as:

0 ≤ PPV(t) ≤ NPVPPV.max(t) (16)
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where PPV.max(t) is the maximum value of PV power at time t.

3.2.3. Wind Power Constraint

Wind power should be limited by the output power of wind turbines. The wind
power constraint can be expressed as:

0 ≤ Pwind(t) ≤ Pwind.max(t) (17)

where Pwind.max(t) is the maximum value of wind power at time t.

3.2.4. ESS Constraint

The constraints of ESS include the SOC constraint of battery banks and the constraints
of battery bank discharging and charging power. The SOC of ESS should be limited to a set
range and it is expressed as:

Smin ≤ S(t) ≤ Smax (18)

where Smin is the lower limit SOC of battery banks, and Smax is the upper limit SOC of
battery banks.

For the SOC of ESS, the initial value SOC is equal to the final SOC during the whole
dispatch process. This constraint can be expressed as:

SOC(1) = SOC(24) (19)

The charging power and discharging power of battery banks are limited as follows:

0 ≤ Pdis(t) ≤ NbatteryPdis.max (20)

0 ≤ Pchar(t) ≤ NbatteryPchar.max (21)

where Pdis.max is the upper limit of discharging power of a battery bank, Pchar.max is the
upper limit of charging power of a battery bank, and Nbattery is the number of battery banks.

3.2.5. Control Variables

The capacity of wind turbines was fixed in the hybrid microgrid. Therefore, the
number of battery banks and PV panels were the control variables in the multi-objective
scheduling model. Therefore, these control variables should be subjected as following:

0 < NPV ≤ NPV.max (22)

0 < Nbattery ≤ Nbattery.max (23)

where NPV.max is the upper number of PV panels, and Nbattery.max is the upper number of
battery banks. Additionally, NPV.max and Nbattery.max were set to 600 and 200, respectively.

4. Optimization Algorithm

In this work, MOPSO [24] was used to solve the proposed multi-objective function,
and to determine the optimum number of battery banks and PV panels.

Figure 2 describes the flowchart of the multi-objective scheduling model using MOPSO.
Finally, a Pareto optimal set was obtained. The stepwise procedure of optimization is de-
scribed as follows:

(1) Input the data, including load demands, the output power of wind turbines, and a
PV panel.

(2) Set MOPSO parameters.
(3) Generate the population of control variables (NPV and Nbattery).
(4) Calculate the multi-objective function f 1 and f 2 for each population using (10)–(14).
(5) Search the initial nondominated solutions set from the population set generated in

Step 3.
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(6) Select the leader by performing a roulette wheel selection.
(7) Update the NPV, Nbattery.
(8) Mutate and update the nondominated solutions.
(9) Should the iteration procedure be stopped? If the iteration procedure is continued, go

to Step 6; if the iteration procedure is stopped, the Pareto solution set is obtained.
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Figure 2. Flowchart of the multi-objective scheduling model.

From the above optimization algorithm, the Pareto optimal set can be determined
using MOPSO. Since there are several optimal solutions in the Pareto optimal set, one
optimal solution should be selected according to a determined preference [25]. The optimal
solution is selected using the following formula:

mk =
Fk − Fk.min

Fk.max − Fk.min
(24)

Mn =

2
∑

i=1
mn

i

K
∑

n=1

2
∑

i=1
mn

i

(25)

where Mn is the normalized function value of n optimal solution, n is the total number
of Pareto solutions, mk is the standardized objective function of k objective function, Fk is
the value of k objective function, and Fk.max and Fk.min are the maximum and minimum
value of k objective function, respectively. Subsequently, the optimal solution is obtained
according to the maximum value of Mn.

5. Case Study

A hybrid microgrid with PV power generation, wind power generation, and ESS was
constructed to validate the proposed multi-objective scheduling model. The parameters of
the battery bank shown in Table 1 are extracted from [6,26] with a few modifications. The
parameters of the PV panel and wind turbine are shown in Table 2, which were extracted
from [27]. The rated capacity of wind turbines was fixed to 6000 kW in the hybrid microgrid.
The daily output power curve with the PV panel is shown in Figure 3, and the daily output
power curve of wind turbines is shown in Figure 4. Figure 5 illustrates the daily load
demand curve. The upper limit of PV panels and battery banks in the hybrid microgrid
was set to 500 in this section.
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Table 1. Parameters of the battery bank.

Item Value

Rated capacity (kWh) 0.6
Rated power (kW) 0.15
Charge efficiency 1

Discharge efficiency 1
Lower limit SOC 0.1
Upper limit SOC 0.9
Initial SOC value 0.5
kmainten (USD/N) 10
CE (USD/kWh/y) 13,500
CP (USD/kW/y) 10

NC 390
Lifetime (year) 5

Maximum discharging power/kW 0.15
Maximum charging power/kW 0.15

Annual interest rate % 6.7

Table 2. Parameters of wind and PV generator.

PV Generator Wind Generator

Operation and maintenance
cost coefficient USD/kW/year 16 33

Investment cost coefficient
USD/kW 2025 2346

Lifetime (year) 20 20
Rated power (kW) 0.2 60

Annual interest rate % 6.7 6.7
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The proposed multi-objective scheduling model was solved using MOPSO. The pa-
rameters of MOPSO are described as follows: the repository size was 100, the population
size was 100, and the iteration number was 100. The MOPSO algorithm was implemented
on MATLAB.

Considering the uncertain characteristics of load demand, solar radiation, and wind
speed, it was assumed that the deviations of load demand, wind output power, and PV
output power followed the standard normal distribution. According to the historical data,
the following scenarios were proposed to present the probability distribution of wind
output power, PV output power, and load demand in several scenarios:

ωload = {(L, 0.5); (L± 0.15L, 0.15); (L± 0.3L, 0.05)}

ωPV =

{
(PPV, 0.5); (PPV ± 0.15PPV, 0.15);
(PPV ± 0.3PPV, 0.05)

}
ωwind =

{
(Pwind, 0.5); (Pwind ± 0.15Pwind, 0.15);
(Pwind ± 0.3Pwind, 0.05)

} (26)

where load, PV, and wind are the set of load demand, PV power, and wind power, respec-
tively. Each set has five scenarios and their corresponding probabilities.

Four different cases were proposed in this section to verify the practicality of the multi-
objective scheduling model. The number of battery banks and PV panels was optimized by
solving the proposed multi-objective scheduling model for these four cases. The simulation
results of these four cases were analyzed. The effects of lifetime and upper limits of SOC for
ESS were taken into account. The detailed differences between the four cases are described
as follows:

Case 1: The lifetime of the battery banks is considered. The upper limit of SOC of
battery banks is 0.9 in this case. Additionally, the wind power generation, PV power
generation, and ESS constitute the hybrid microgrid.

Case 2: The hybrid microgrid includes the PV power generation, wind power gener-
ation, and ESS. The upper limit of SOC of the battery banks is 0.9. It is assumed that the
relationship between the SOC of the battery and the weighting factor is fixed at 1. This
means that the effect of SOC on the depreciation cost of ESS is ignored in this case.

Case 3: The hybrid microgrid includes the PV power generation, wind power genera-
tion, and ESS. The lifetime of the battery is considered in this case. The upper limit of SOC
of the battery banks is 0.8.

Case 4: The hybrid microgrid only includes the PV power generation and wind power
generation, without the ESS.
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5.1. Comparison Analysis

The power shortage is related to the power supply reliability of the hybrid microgrid.
For an islanding microgrid, the reliability of the hybrid microgrid is determined by the
capacity configuration of each power source; however, this has a significant effect on the
annualized cost of the hybrid microgrid. The relationship between the power shortage rate
and cost of the hybrid microgrid is shown in Figure 6.
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It can be observed from Figure 6 that the power supply reliability of the hybrid
microgrid increased with a decrease in LPSP. However, the annualized cost of the hybrid
microgrid increased significantly due to the increase in power supply configuration. This
indicates that the improvement of system reliability should increase the investment. When
the capacity configuration is sufficiently large, a reliable power supply can be ensured, but
the annualized cost is significantly high.

The simulation results of the four cases are shown in Table 3. Table 3 depicts the
multi-objective function, the cost of the DGs, the optimal number of battery banks, and the
optimal number of PV panels. Figures 7 and 8 show the SOC curve of the ESS in these cases.

Table 3. Simulation results of four cases for the hybrid microgrid.

NPV Nbattery

Charge and
Discharge Power

of ESS (kW)
Cess.DP
(USD)

Cess.mainten
(USD)

Cess
(USD)

CPV
(USD)

Cwind
(USD)

Total
Annualized
Cost (USD)

LPSP (%)

Case 1 282 79 30.900 3691 474 4165 11,433 14,959 30,557 1.28
Case 2 284 93 32.197 3849 558 4406 11,514 14,959 30,879 1.12
Case 3 318 82 24.485 3069 492 3561 12,892 14,959 31,412 0.97
Case 4 361 — — — — 14,636 14,959 29,594 2.40

In Case 1, the optimal number of PV panels and battery banks were 282 and 79,
respectively. The total cost of the hybrid microgrid was USD 30,557. The cost of the
battery banks and PV power generations were USD 4165 and USD 11,433, respectively. The
depreciation cost of battery banks was USD 3691. This case served as a baseline to analyze
the effect of the lifetime of battery banks, the effect of the maximum SOC of battery banks,
and the effect of the ESS.
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5.2. Effect of Lifetime for ESS

The difference between Case 1 and Case 2 is the consideration of the lifetime of battery
banks. The simulation results of these two cases are shown in the second and third rows of
Table 3, and the SOC curves of the ESS are shown in Figure 7.

From the simulation results shown in Figure 7, it can be observed that the SOC of the
ESS of Case 1 was slightly higher than that of Case 2. This is observed because the effect
of SOC on the depreciation cost of the ESS was considered in Case 1. This maximizes the
SOC of the ESS to minimize the depreciation cost of the ESS. In contrast, neglecting the
lifetime of battery banks in Case 2 increased NPV and Nbattery by 2 and 14, respectively. The
costs of the microgrid, the PV panels, and the battery banks increased by USD 322, USD 81,
and USD 241, respectively. However, since the number of battery banks and PV panels in
Case 2 was greater than that in Case 1, the LPSP in Case 1 was worse than that in Case 2.
Therefore, the power supply reliability in Case 1 was lower than that in Case 2.

5.3. Effect of Upper Limit of SOC for ESS

The difference between Case 1 and Case 3 is the maximum SOCs of the ESS. The
lifetime of the battery was considered in Case 1 and Case 3. The simulation results for
Case 3 are shown in the fourth row of Table 3. The SOC curves of Case 1 and Case 3 are all
shown in Figure 8.

By comparing the simulation results of Case 1 and Case 3, it can be observed that the
additions of PV panels and battery banks in Case 3 were 36 and 3, respectively. The lower
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maximum SOC of battery banks in Case 3 decreased the discharging and charging power
of the ESS. The number of PV panels and battery banks connected to the microgrid was
increased. Additionally, the cost of PV power, and the operational and maintenance cost of
ESS increased by USD 1459 and USD 18, respectively. Furthermore, the LPSP decreased
by 0.31% because the number of PV panels and battery banks connected to the hybrid
microgrid increased. Figure 8 depicts that the charging and discharging power was greater
in Case 1 than that in Case 3.

5.4. Effect of ESS

The ESS was not applied in Case 4, and the simulation results in Case 4 are shown
in Table 3.

It can be observed from the simulation results that the optimal number of PV panels in
Case 4 increased by 79 because the discharging and charging power for ESS were zero. The
LPSP increased by 1.12%. In this result, the effect of the ESS on improving the reliability of
the power supply is reflected. However, the annualized cost of the microgrid decreased by
USD 963 because the number of battery banks was zero in Case 4.

After considering the lifetime of battery banks, an accurate number of battery banks
was obtained for microgrid operation.

6. Conclusions

In this work, a multi-objective optimal scheduling model for hybrid microgrids with
PV power generation, wind power generation, and ESS was proposed. The optimal
solutions were determined using MOPSO for the multi-objective function, and the cost of
the hybrid microgrid and the LPSP were minimized. By comparing four different cases,
the proposed multi-objective scheduling model considering the lifetime of the battery was
verified. Additionally, an accurate number of battery banks was determined. The effect
of maximum SOC for the ESS was evaluated. The results demonstrate that the lower
maximum SOC of the ESS increased the cost of the hybrid microgrid and the power supply
reliability. Additionally, ESS improved the power supply reliability and promoted the
penetration of renewable DG resources.
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