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Abstract: There is a global push to develop renewable energy to further a low-carbon society.
However, the nature of variable renewable energy (VRE) sources such as wind power and solar
photovoltaic (PV) systems may create problems because electricity grids require a stable power supply
to match demand. To evaluate the potential capacity of VREs that may be installed, we develop an
optimized model that balances power supply and demand and also considers grid balancing by
battery storage and load frequency control. The model was applied to a case study of an isolated
grid on a remote Japanese island. When set to optimize the grid in terms of lowest cost, the model
suggested that, compared with the base case, the capacity of wind power should be increased by
a factor of 1.7 and 15.8 for situations without and with battery storage, respectively. Since it was
always considered to be more expensive than wind power, no change in solar PV capacity was
observed. These approaches resulted in a decrease in the total power generation cost of 2% and 24%,
respectively, while total CO2 emissions fell by 3% and 52%, primarily driven by decreased used of
the existing fossil-fueled thermal plant.

Keywords: variable renewable energy; installed capacity; grid optimization; load frequency control;
power cost; CO2 emissions

1. Introduction

Technologies based on renewable energy (RE) offer a clean and inexhaustible source of energy,
and such technologies are expected to play an important role in mitigating the emissions of greenhouse
gases (GHGs) and in sustainable development [1–4]. Indeed, global RE deployment has grown
significantly in recent years [5] and is likely to continue to do so thanks to the recent adoption of the
2015 Paris Agreement [6]. Among the various RE sources, energy from wind and solar photovoltaic (PV)
systems are classified as variable renewable energy (VRE) sources. VRE systems are unable to store their
energy source [7] and the power they generate cannot be controlled; instead it fluctuates depending on
local weather conditions. To avoid frequency fluctuations that could arise from imbalances between
electricity supply and demand, which could destabilize the grid, increasing the capacity of VRE requires
the deployment of technologies that can balance the grid and their variable output. Load-balancing can
be carried out by dispatchable generation (typically thermal power plants) and battery storage. Energy
from VRE sources may even be curtailed if supply is greater than demand in a grid that is unable to
divert excess supply to battery storage or decrease the supply from other generating capacities.

There are a number of examples of VRE curtailment in Japanese islands that have isolated power
grids, which therefore require localized grid-balancing. The main energy sources in these isolated grids
were typically thermal plants (mainly diesel generators) with limited deployment of VRE. However,
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following the implementation of a renewable energy feed-in-tariff (FIT) scheme in July 2012 [8],
the deployment of VRE, especially solar PV, has grown rapidly in both isolated and centralized grids.
Thus, some isolated grids have been forced to curtail power from VRE sources on sunny days when
supply exceeds demand. For example, May 2015 saw the Kyushu Electric Power Company order VRE
operators on the island of Tanegashima to curtail the power from solar PV, a first in Japan, and in 2016
it ordered VRE to be curtailed in Iki [9].

Although the deployment of VREs requires considering how to ensure a stable grid, it remains an
appealing option for remote Japanese islands because: (a) increasing VRE can decrease the islands’
heavy dependence on fuels imported from the mainland as well as the cost of electricity; (b) VRE can
increase the ability of the grids to supply power in the event of natural disasters; and (c) it aligns with
the Japanese Act on the Promotion of Global Warming Countermeasures, which urges subnational
governments to implement locally tailored programs to limit GHG emissions. With these factors in
mind, using local characteristics to evaluate the potential VRE capacity that could be installed while
maintaining a stable grid is useful for designing future energy systems in these communities.

A range of literature is pertinent to evaluating the potential of introducing VREs from a
macroscopic point of view. Baños et al. [10] noted that optimization models are frequently used
to evaluate amount of VREs that can be installed while maintaining a stable supply. Connolly et al. [11]
documented the various optimization models that can be used to analyze the penetration of VRE into
electricity grids at a global, national, and regional scale. Analyzing results of optimization models
that stabilize atmospheric CO2 concentrations at 450 ppm, Luderer et al. [12] concluded that nuclear
power and installing carbon capture and storage (CCS) on thermal power plants are important options
for mitigating GHG emissions from the global energy system at the lowest cost. Shiraki et al. [13]
optimized the Japanese energy system, accounting for subnational transmission infrastructure, and
also found that CCS was important for mitigating GHG emissions at the lowest cost. Because nuclear
and CCS projects are usually much larger than VRE projects, they can take advantage of economies of
scale and tend to dominate energy system models that target least-cost GHG mitigation.

An alternative modeling approach to optimize energy systems aims to balance the grid when
VRE is connected. Komiyama et al. [14] used such a model of the Japanese grid to demonstrate that
the impact of fluctuating supply on the stability of the grid, caused by installing significant levels of
solar PV, can be controlled by thermal power, battery storage, and curtailment of VRE. The same group
then used the model to investigate storing surplus power from VRE sources as hydrogen in Tohoku
district [15]. They concluded that hydrogen use could be increased by decreasing the cost of hydrogen
for consumers and through the implementation of CO2 regulations. Ogimoto et al. [16] investigated
how to balance the grid for the scenario in which VRE was installed in Japan’s energy mix according
to national targets. Optimization models have also been applied to evaluate the potential installation
of VRE on remote islands. For example, Yoo et al. [17] investigated installing VRE on a remote Korean
island. They concluded that, compared with conventional thermal power plants, the higher capital cost
of installing VRE was offset by the lower operating costs and that the introduction of VRE resulted in a
lower overall power generation cost. Senju et al. [18] focused on the introduction of VRE and battery
storage on four remote Japanese islands. Their optimization model showed that the overall cost of
power generation was lower than that of the baseline diesel only power grid. Duić [19] modeled the
VRE installation potential on a remote Portuguese island and concluded that both wind power and
solar PV could help with peak-shaving the demand curve and that wind power could economically
supply the entire electricity grid.

One example of a model that investigates the potential for VRE alongside the impact on
the stability of the grid is that developed by Komiyama et al. [14,15]. This model simulated the
supply-demand balance of the grid every 10 min, but it did not detail the full scope of uncertainties
associated with VRE. The range of uncertainties also remained unclarified for optimization results in
remote island cases using battery storage or hydrogen to stabilize the power supply [17–19]. We note
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that while the power planning model developed by Ogimoto et al. [16] specifically accommodates VRE
uncertainties, it focuses on balancing the grid rather than optimizing the amount of installed VRE.

To address the gap in the literature, we have built a power supply and demand model for a small
grid that finds the optimal amount of installed VRE to minimize either the total power generation cost
or total CO2 emissions. The demand in small, remote, island grids is usually met with fossil fuel power
plants. When VRE is introduced, existing systems and new battery storage can be used to balance the
grid. We also therefore use our remote Japanese island case study to investigate the ability of these
responsive technologies to mitigate the fluctuating output from VREs to ensure stable power supply.

2. Materials and Methods

2.1. Overview of the Model

Figure 1 shows an overview of the power supply and demand optimization model that we
developed. It is a linear programming model using the software “What’s Best!” (Lindo System Inc.,
Chicago, IL, USA), a Microsoft Excel-based add-in program, that calculates the optimal capacity
of VRE installation to minimize either the total power generation cost or the total CO2 emissions.
The total cost depends on the annualized capital cost, the operation and maintenance cost, and the fuel
cost, while the CO2 emissions include direct CO2 emissions from thermal plant and indirect annualized
life cycle emissions from sources associated with the manufacture of power generation equipment and
related infrastructure. The model operates under various constraints to balance electricity demand
and supply on an hourly basis, as described below.
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Figure 1. Schematic overview of the model.

Several control options are used to stabilize the grid depending on the timeframe over which
variations in supply occur. When the need for control extends over 20 min, an economic dispatch
control tool operates to adapt the system to minimize the fuel cost. For variations that occur for
less than 20 min but more than a few minutes, load frequency control (LFC) can effectively mitigate
the fluctuations in VRE supply. When the range of the fluctuation cycle is less than a few minutes,
governor-free control of the thermal plant is invoked to stabilize the grid. Although the model balances
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supply and demand on an hourly basis, the potential for LFC balancing (by thermal plant and battery
storage) of VRE within each hourly period is also considered. The model does not consider balancing
by governor-free control.

2.2. Model Configuration

The model’s objective is to minimize the total annual cost of power generation (Equation (1)) or
total annual CO2 emissions (Equation (2)).

Total power generation cost = ∑
i

KCosti × Capi + ∑
d

∑
t

Cost f uel × Ethermal,d,t + Costbattery × Capbattery (1)

Total CO2 emissions = ∑
i

iCO2i × Capi + ∑
d

∑
t

dCO2 × Ethermal,d,t + CO2battery × Capbattery (2)

In Equation (1), i is the type of power plant (thermal, hydro, wind, or solar PV), KCosti [Yen/kW]
is the annualized capital cost of power plant i, Capi [kW] is the capacity of power plant i, Cost f uel
[Yen/kWh] is the cost of fuel used at the thermal power plant, Ethermal,d,t [kWh] is the amount of
electricity generated at the thermal power plant at time t of day d, Costbattery [Yen/kWh] is the
annualized cost of battery storage, and Capbattery [kWh] is the capacity of battery storage. In addition,
in Equation (2) iCO2i [t-CO2/kW] is the annualized indirect emissions of CO2 from the power plant
i, dCO2 [t-CO2/kWh] represents the direct emissions of CO2 from fuel combustion in the thermal
power plant, and CO2battery [t-CO2/kWh] is the annualized emissions of CO2 from the battery storage
manufacturing process.

The two objective functions are subject to the following constraints.

• Balancing power supply and demand:

Equation (3) describes how the model balances demand across the grid with the various
supply options.

∑
i

Ei,d,t + Disd,t − Chad,t = Demandd,t (3)

where Ei,d,t [kWh] is the electricity generated from power plant i at time t of day d, Disd,t
[kWh] is the amount of electricity discharged to the grid from battery storage, Chad,t [kWh] is the amount of
electricity sent from the grid to battery storage, and Demandd,t [kWh] is the aggregate electricity demand.

As described in Equation (4), the amount of electricity generated from power plant i is limited by
the capacity of that plant. For the thermal power plant, the amount of electricity generated in an hour
must be greater than or equal to the hourly output produced at the plant’s minimum operating level,
Pthermal,min [kW], as shown in Equation (5).

0 ≤ Ei,d,t ≤ Capi (4)

Pthermal,min ≤ Ethermal,d,t (5)

• Constraints on battery storage

The model assumes storage is provided by a sodium-sulfur battery. Equations (6)–(12) describe
the incumbent constraints.

Sd, t+1 = Sd,t + Chad,t × εcha −
Disd,t

εdis
(6)

0 ≤ Sd,t ≤ Capbattery (7)

S1,1 = Capbattery × SOCinit (8)

Capbattery = mstorage × Pbattery (9)
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0 ≤ Chad,t ≤ Pbattery (10)

0 ≤ Disd,t ≤ Pbattery (11)

0 ≤ Disd,t ≤ Sd, t−1 × εdis (12)

where Sd,t [kWh] is the amount of electricity stored in battery at time t of day d, εcha and εdis represent
the battery’s cycle efficiency for charging and discharging, respectively, SOCinit is the battery’s initial
state of charge, mstorage [kWh/kW] is the ratio of the energy storage capacity to the rated output of the
battery, which is given by Pbattery [kW].

• VRE constraints

To balance the grid when supply is greater than demand, some VRE sources may be curtailed,
as described in Equation (13). Equation (14) shows that the installed capacity of VRE, CapVRE [kW],
must also be greater than a minimum capacity value, Capmin,VRE [kW].

EVRE,d,t = E′VRE,d,t − CurVRE,d,t (13)

Capmin,VRE ≤ CapVRE (14)

where EVRE,d,t [kWh] is the VRE supplied at time t of day d, E′VRE,d,t [kWh] is the estimated VRE
generation, and CurVRE,d,t [kWh] is the amount of VRE curtailment.

• LFC constraints

LFC is important to maintain the frequency of the power grid so that concerns to the LFC issues
have been addressed in various power system models and control techniques/strategies [20]. In this
study, the constraints on LFC expressed in Equations (15)–(22) were taken from the literature [21,22]
that is used by Japanese electric power companies to estimate the potential capacity of wind power
that can be connected to the power grid. The balanced equation, which assumes that the fluctuations
caused by VRE output and demand uncertainties can be absorbed by LFC balancing capacity,
is algebraically expressed as Equation (15). Rearranging then allows the direct calculation of the
LFC balancing capacity in Equation (16).

√
∑
k

ELFCk
2 + Vres,d,t

2 ≥
√

Vdemand,d,t
2 + ∑

l

(
Ul,d,t

2
)

(15)

∑
k

ELFCk ≥
√

Vdemand,d,t
2 + ∑

l

(
Ul,d,t

2
)
−Vres,d,t

2 (16)

ELFCthermal = Capthermal × αthermal (17)

ELFCbattery = Pbattery × αbattery (18)

Vdemand,d,t = βdemand × Demandd,t (19)

Uwind,d,t = βwind × Capwind ×
Ewind, d,t

E′wind,d,t
(20)

UPV, d,t = βPV × E′PV,d,t ×
EPV, d,t

E′PV,d,t
(21)

Vres,d,t = γres × Demandd,t (22)

where k represents the type of LFC balancing capacity (thermal power plant or battery storage),
ELFCk [kWh] is the amount of electricity provided from the LFC balancing capacity of type k, Vdemand,d,t
[kWh] is the variability in demand (from the forecast value) at time t of day d, l represents the type
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of VRE (wind power or solar PV), Ul,d,t [kWh] is the variability in supply of VRE l (from the forecast
value), Vres,d,t [kWh] is the residual variability that cannot be absorbed by LFC, αthermal and αbattery
represent, respectively, the fraction of the capacity of the thermal power plant and battery storage that
is available to provide LFC balancing capacity, βdemand is a coefficient that represents the fraction of
demand that varies, βwind and βPV represent the variation in supply for wind power and solar PV
respectively, and γres is a coefficient that represents the fraction of demand that cannot be met by LFC.

Approximating Equation (16) in a linear form (the development of which is shown in
Equations (23)–(28)) then permits evaluation of the amount of VRE curtailment [22].

∑
k

ELFCk ≥ Lbase,d,t −∑
l
(Lbase,d,t − Ll,d,t)× (1−

El,d,t

E′l,d,t
) (23)

Lbase,d,t =

√
Vdemand,d,t

2 + ∑
l

(
U′l,d,t

2
)
−Vres,d,t

2 (24)

Lwind,d,t =
√

Vdemand,d,t
2 + U′PV,d,t

2 −Vres,d,t
2 (25)

LPV,d,t =
√

Vdemand,d,t
2 + U′wind,d,t

2 −Vres,d,t
2 (26)

U′wind,d,t = βwind × Capwind (27)

U′PV,d,t = βPV × E′PV,d,t (28)

2.3. Case Study Site and Its Electricity Supply and Demand Data

The case study site was a remote island located in western Japan. As of 2011, the island had a
population of 20,000, which was distributed among 10,000 households. Tertiary industries employed
the largest portion of the population, and 80% of the island was covered by forest. Three types of
power plant provided electricity to the island’s grid; 32.7 MW of diesel thermal plant fueled by heavy
fuel oil, 0.3 MW of hydropower, and 1.8 MW of wind power. A further 0.4 MW of residential solar PV
was installed across some of the island’s households.

Electricity supply data for the three power plants and an estimate of the electricity generated by
solar PV (see Section 2.4.2 for method) were summed to estimate aggregate demand for financial year
(FY) 2011 (April 2011–March 2012).

Figure 2 shows the distribution of diurnal electricity demand for three stages in the year (midseason:
April–June and October–November; summer: July–September; and winter: December–March). Total
demand during FY 2011 was 131 GWh. The minimum hourly demand of approximately 8 MWh was
observed at 16:00 in the midseason while the maximum value of approximately 23 MWh was observed
at 14:00 in summer. The daily variation in hourly demand was largest in the summer.
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2.4. VRE Power Generation Estimates

2.4.1. Wind Power

The amount of wind power supplied to the grid does not necessarily reflect the total wind
powered generation because it cannot account for any wind power that was curtailed. We therefore
employ the following schema to estimate the total electricity generated from wind power.

The hourly average wind speed V [m/s] at an altitude of Z [m] can be calculated using
Equation (29) [23] and a reference wind speed value, V1 [m/s], taken from a point in the same
location at a height of Z1 [m] of the Japanese Automated Meteorological Data Acquisition System
(AMeDAS) [24]. The value of n in Equation (29) was set to 3.5, as the literature suggests [23].
The power curve of the turbine can then be calculated (Equation (30)). Figure 3 shows the power curve
of a 500 kW wind turbine, which was assumed to be representative for the case study site.

Vd,t = V1 d,t

(
Z
Z1

)1/n

(29)

E′wind,d,t = F(Vd,t) (30)
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2.4.2. Solar PV

With no primary data available for the case study site, the hourly solar PV generation was
calculated using Equation (31).
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E′PV,d,t = SRin/X× CapPV × (1− a)× (1− b)× (1− c) (31)

where SRin [kWh/m2] is the solar irradiance of an inclined surface, X [kW/m2] is the standard solar
irradiance, a is the temperature loss coefficient (set to 15% for March–May and September–November,
20% for June–August, and 10% for December–February), and b and c are losses caused by the inverter
and within the solar PV system, respectively, both of which were set to 5% in agreement with
assumptions made by the Japanese industry. The solar irradiance of an inclined surface is the sum
of direct, reflected, and diffuse solar irradiance [25]. These terms were calculated using the variables
summarized in Table A1 (Appendix A) [26,27]. The number of sunshine hours at the case study site in
FY 2011 were sourced from AMeDAS) [24]. The inclination and azimuth angles of the solar PV cell
were set to 30◦ and 22.5◦, respectively.

2.5. Model Parameters

Table 1 details the parameters used to calculate the total power generation cost and total CO2

emissions at the case study site. Capital cost represents the sum of the annualized construction cost,
property tax, and decommissioning cost. Operating cost is the sum of annual labor, maintenance,
and administrative costs. The fuel costs for the diesel thermal plant were calculated using fuel
charges [28], the price of heavy fuel oil [29], the plant’s thermal efficiency [30], and the fuel’s calorific
value [31]. Indirect emissions from the power plant included annualized lifecycle emissions accruing
from the construction and manufacturing process and those produced by the fuel supply chain. Table 2
presents the costs and CO2 emissions data used for battery storage, with other miscellaneous model
parameters shown in Table 3.

Table 1. Cost- and emissions-related model parameters for power generation technologies [28–31].
1 USD = 121.04 JPY [32].

Diesel Thermal
Plant

Hydro Power
Plant

Wind Power
Plant

Residential Solar
PV System

Reference for cost estimate [28] 400 MW oil-fired 0.2 MW 20 MW onshore 4 kW residential
Capital cost [Yen/kW] [28] 5054 26,633 14,896 23,100

Operation cost [Yen/kW] [28] 6681 74,100 13,566 8250
Fuel cost [Yen/kWh] 23.05 - - -

Reference for emissions estimate [30] 1000 MW heavy oil 10 MW 0.6 MW onshore 4 kW residential
Indirect emissions [t-CO2/kW] [30] 0.32 0.04 0.04 0.05
Direct emissions [t-CO2/kWh] [30] 0.0007 n/a n/a n/a

Table 2. Cost- and emissions-related model parameters for sodium–sulfur battery storage.

Model Parameter Value

Manufacturing cost [Yen/kWh] [33] 2667
Emissions from manufacturing stage [t-CO2/kWh] [34] 0.008

Table 3. Miscellaneous model parameter settings.

Parameter Value

Pthermal,min 0.3 [MW]
εcha , εdis 95%
SOCinit 20%
mstorage 6 [kWh/kW] [35]
αthermal 5%
αbattery 100%
βdemand 4%

βreg 1%
βwind 50%
βPV 50%



Sustainability 2017, 9, 119 9 of 15

2.6. Simulation Cases Settings

The base case represents the current situation (32.7 MW of diesel thermal plant, 0.3 MW of hydro
power, 1.8 MW of wind power, and 0.4 MW of solar PV, no battery storage). Cases 2 and 3 simulate
the optimal capacity of VRE to install to meet current electricity demand without (Case 2) and with
(Case 3) battery storage.

3. Results and Discussion

3.1. Total Power Generation Cost Minimization

Figure 4 shows the installed capacity of VRE and battery storage for the various cases when
minimizing the total power generation cost. The total cost of generation and the total associated CO2

emissions are also shown, normalized to those from the base case (Case 1: 3328 million Yen and 98,278
t-CO2, respectively). In Case 2 the optimized capacity of wind power was 3 MW (1.7 times greater
than that in the base case). The total generation cost and total CO2 emissions were found to be 98%
and 97% of those calculated in Case 1, respectively. Both decreases were attributed to a decrease in
fuel usage at the diesel thermal power plant. Installing 73 MWh of battery storage (Case 3) had a
significant impact on the VRE capacity. Wind power capacity increased to 28 MW (15.8 times that of
Case 1), while the total power generation cost and total CO2 emissions were found to be 76% and 48%
of those calculated in Case 1, respectively. In both Cases 2 and 3, the installed capacity of solar PV did
not increase because it was more economic to install extra wind-powered capacity instead.Sustainability 2017, 9, 119 10 of 15 
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Figure 4. Installed VRE capacity (bars) and the associated total power generation cost and total CO2

emissions normalized to the base case (lines) when minimizing total power generation cost.

3.2. Example Generation Mix

The calculated hourly generation mixes for the period 1–20 August 2011 for the three cases are
shown in Figure 5. Diesel thermal power is the main source of electricity in Case 1 (Figure 5a) and no
VRE curtailment was observed. In Case 2 (Figure 5b), the 1.7 increase in installed wind power capacity
resulted in VRE curtailment because of the LFC constraint (see Equation (23)). In Case 3 (Figure 5c),
VRE capacity significantly substituted generation from diesel thermal power on several days. Frequent
charging and discharging of battery storage failed to entirely prevent VRE curtailment, and low VRE
generation during some hours meant that, at times, diesel thermal power was still the main electricity
source. This suggests that conventional thermal power can play an important role in ensuring a stable
electricity supply.
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Figure 5. Calculated hourly generation mix for the period 1–20 August 2011 for the three cases,
which were optimized to minimize the total power generation cost. (a) Case 1 (Base case); (b) Case 2
(Without battery storage installation); (c) Case 3 (With 73 MWh battery storage installation).

3.3. Load Factor

The introduction of battery storage was expected to increase the load factor of VRE capacity as
batteries allow excess electricity generated above the level demanded to be stored instead of curtailed.
To investigate this, the load factor of VRE capacity was evaluated for each of the simulation cases.
The load factor (LF1) calculated in Equation (32) represents the ratio of the annual electricity supply
from VREs to the total theoretical electricity supply from the installed capacity. The alternative load
factor described in Equation (33) (LF2) includes an appreciation of indirect VRE generation via battery
storage. Please note that FY 2011 was a leap year.

LF1 = ∑
l

∑
d

∑
t

El,d,t/ ∑
l

Capl × 24× 366 (32)

LF2 =

(
∑

l
∑
d

∑
t

E”
l,d,t + ∑

d
∑

t
Disd,t

)
/ ∑

l
Capl × 24× 366 (33)

where E”
l,d,t is the direct electricity supply from VRE l. Figure 6 presents the load factor values for

the three cases. From Case 1 to Case 2, LF1 increased by 1 percentage point, even though VRE
curtailment increased from zero to almost 2%. This was alongside the decrease in cost observed above.
In Case 3, which had a significantly higher installed wind power capacity alongside battery storage
and an even lower total power cost, the load factor was the lowest of the three cases because of an
increase in VRE curtailment. Even when accounting for secondary capacity via the battery storage,
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the load factor in Case 3 did not reach the levels observed in the other cases. Thus, at a grid-optimization
level, the addition of battery storage does not necessarily lead to increased load factors if the same
optimization also involves adding significant amounts of VRE to the grid.
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Figure 6. Load factors and curtailment rates for the three cases under a least-cost approach.

3.4. Sensitivity to Minimum Thermal Plant Generation

As described in Equation (5) and Table 3, the minimum output of the thermal power plant was
set to 0.3 MW. However, because this parameter affects the usage of VRE on the grid and therefore
the optimal installed VRE capacity, we decided to conduct a sensitivity analysis on this parameter.
The lowest hourly electricity supply from the thermal power in Case 2 was 6 MWh, 20 times greater
than the minimum threshold. Thus, the sensitivity study was only carried out for Case 3.

Figure 7 shows how the installed VRE capacity, required battery storage, total cost, and total
CO2 emissions varied with changes to the minimum thermal plant output. As the minimum output
of thermal power was increased, the amount of VRE-generated electricity decreased. The installed
VRE and battery capacity also fell from 28 MW of wind power and 73 MWh of battery storage with a
minimum thermal plant output of 0.3 MW to 19 MW of wind power and 48 MWh of battery storage
when the minimum thermal plant output was increased to 5 MW. As these capacity values decreased,
the total power generation cost and the total emissions of CO2 increased by 10% and 40%, respectively.
These high sensitivities suggest that significant effort should be made to use accurate values for
minimum plant load when conducting this type of modelling.
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Figure 7. Sensitivity to minimum thermal plant output in Case 3 under a least-cost approach.
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3.5. Minimizing Total CO2 Emissions

Figure 8 shows the case study optimization results to minimize total CO2 emissions.
The installation of both VRE technologies increased compared with the base case, with the installed
capacity of solar PV much higher than in the cost-minimization approaches (Figure 4), reaching,
for example, 6 MW for Case 2 (compared with 0.4 MW for Case 2 in the cost-optimization approach).
Adding VRE capacity in Case 2 resulted in a 5% decrease in CO2 emissions, because less power
was generated by the diesel thermal plant, and a 1% increase in total cost, as the decrease in
operating costs for the diesel thermal plant was offset by increased VRE capital costs. For Case 3,
the emissions-minimization approach resulted in the installed capacity of wind power expanding
to 70 MW (28 MW in cost-minimization approach) and that of solar PV reaching 44 MW (0.4 MW
in cost-minimization approach). The capital costs associated with this increase in VRE capacity and
battery storage led to a 40% increase in the total cost over that of the base case, though this approach
produced just 21% of the base case’s CO2 emissions as the amount of energy sourced from thermal
power decreased significantly.
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Figure 8. Installed VRE capacity (bars) and the associated total power generation cost and total CO2

emissions normalized to the base case (lines) when minimizing total CO2 emissions.

4. Conclusions

A model that optimizes power supply to meet demand was developed to evaluate the potential
for installing VRE capacity by considering the hourly grid balance and LFC constraints. The model
was applied to a case study of a remote Japanese island that is dependent on diesel thermal power
generation and was optimized to minimize either the total power costs or the total power-related
CO2 emissions.

Simulations suggest that the VRE capacity could be increased from the baseline values of 1.8 MW
of wind power and 0.4 MW of solar PV. The degree to which it was economic to install VRE depended
on whether battery storage was available. The cost-optimization model calculated that the capacity
of wind power should be expanded by a factor of 1.7 if storage was not available (Case 2), but by
a factor of 15.8 if 73 MWh of battery storage was also installed (Case 3). This resulted in total costs
that were 2% and 24% lower than the baseline and decreases in total CO2 emissions of 3% and 52%,
for Cases 2 and 3, respectively. The capacity of solar PV did not change in the cost-optimization
model because wind power was always cheaper for the model to procure. The main reason for
the changes that resulted was attributed to decreased fuel usage for the diesel thermal power plant.
Optimizing the scenarios to minimize the total CO2 emissions showed that the installation of 307 MWh
of battery storage could permit CO2 emissions that were 21% of those in the base case, though the total
cost would increase by 40%. A sensitivity analysis showed that when battery storage was available,
the results were notably impacted by the thermal plant’s minimum output threshold.

We hope that the findings in this work will be useful to governments interested in implementing
climate change mitigation technologies in isolated power grids. In particular, this work may help to
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illustrate the potential of developing VRE in such grids while maintaining stable supply. However, we
urge interested parties to also take account of exogenous factors not modeled here, such as the impact
of population change on energy demand, to support decision makers in the further development of
power grids.

Author Contributions: Mai Inoue conducted the analysis and wrote the paper under the guidance of Yutaka
Genchi and Yuki Kudoh All authors checked and approved the final draft.

Conflicts of Interest: The authors declare no conflict of interest.

Appendix A

Table A1. Decomposition of solar irradiation on an inclined surface.

Irradiance Variables Used Calculation Notes

Direct normal irradiance on
inclined surface

1. Direct normal irradiance Calculated from global horizontal irradiance
and the diffuse horizontal irradiance.

2. Angle of incidence angle for direct
irradiance to solar PV cell surface

Calculated using the solar PV cell’s
inclination and azimuth angles.

3. Solar altitude
Calculated using the declination and hour
angle of the sun, which are determined
astronomically, and the latitude of the site.

Reflected solar irradiance on
inclined surface

4. Global horizontal irradiance

Calculated using the extraterrestrial
irradiance—which is determined from
the solar constant, solar altitude and
geocentric solar distance—and the ratio of
sunshine hours and hours of daylight.

5. Inclination angle of solar PV cell

Diffuse solar irradiance on
inclined surface

6. Diffuse solar irradiance Calculated using the ratio of global horizontal
irradiance and extraterrestrial irradiance.

7. Inclination angles of solar PV cell
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