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Abstract 

In recent years, as Japan’s urban development needs have 

become more diverse, there has been an increase in the 

development of so-called smart communities. In order to 

properly assess the impact of these communities, an 

effective way to measure their energy performance is 

needed. In this study, the energy performance of the M-

town Smart Community in Osaka, Japan is evaluated 

using a previously developed housing energy simulation 

model that considers regional characteristics, together 

with a PV-SOFC-Battery model, and an electric vehicle 

(EV) model. Simulation results indicate that the energy 

performance of the M-town Smart Community is high. It 

was also found that the introduction of EVs has a 

significant impact on a smart community’s energy 

performance, as do area weather conditions. 

Introduction 

Implementation of the Paris Agreement means that Japan 

will need to reduce its carbon emissions(Ministry of 

Environment, 2017). Part of this effort must be the 

development of low-carbon cities. Given the series of 

disasters that have occurred in recent years, it is essential 

that these cities be resilient to natural and man-made 

catastrophes.  

In response to the need to reduce carbon emissions, there 

has been a growing interest in the development of so-

called “smart communities.” Since the goal of such 

communities is to develop "Zero Energy Houses (ZEH)," 

houses that consume less than zero net energy per year, 

they consist of a collection of detached houses with high 

energy performance, equipped with solar cells and storage 

batteries, and passive design with extensive use of thermal 

insulation. The homes are typically oriented in a way that 

considers wind paths and follows efficient energy 

management practices using advanced information 

technology. (Ministry of Economy, Trade and Industry, 

2015).  

Despite their inherent appeal, however, the energy 

performance of such communities has yet to be evaluated 

effectively. To this end, the authors previously developed 

a model that considers many of the essential 

characteristics of smart communities and evaluated their 

energy performance (Kitagawa et al, 2019). However, a 

number of the smart communities under development in 

Japan will be equipped with a PV-SOFC-Battery system 

comprising solar cells, fuel cells, and batteries—elements 

not fully considered in the earlier study. Moreover, as part 

of evaluating a smart community’s energy performance, 

it would seem appropriate to consider transportation-

related energy consumption. It is expected that the 

number of electric vehicles (EVs) will continue to 

increase. These vehicles consume large amounts of 

electricity when charged at home. To reflect these added 

factors, this paper uses a PV-SOFC-Battery system model 

and an EV model, in addition to the previously developed 

simulation model, to evaluate the energy performance of 

Japan’s M-town Smart Community in Osaka. In the future, 

this type of energy-efficient community will continue to 

be replicated in various parts of Japan and throughout 

much of the world.  

Since climate conditions play a significant role in energy 

consumption and generation, a smart community’s energy 

performance is strongly related to its location. 

Accordingly, in our current study, we examined the 

impact of locating the smart community in Hokkaido and 

Okinawa, the two Japanese prefectures having the largest 

temperature difference. 

The simulation model used here has a number of 

distinctive characteristics: 

1.  The simulation model produces highly accurate 

estimates. 

The model fully considers the diversity of occupant 

behavior, electricity consumption, and electricity 

generation in each individual household. Thus, it is able 

to make an extremely accurate evaluation of the energy 

performance of a community consisting of hundreds of 

houses. The model probabilistically determines each 

occupant’s behavior, generates a behavior schedule in 

short intervals, and calculates appliance energy 

consumption based on the behavior schedule. Since this is 

a bottom-up model, a variety of conditions, including 

family composition, household equipment, and weather, 

can be considered. 

2. The simulation model can make use of various 

evaluation indexes. 

Different evaluation indicators are needed in order to 

evaluate the performance of a community with respect to 

a variety of aspects, such as environmental friendliness, 

the stability of electricity supply and demand, and 

resilience. 

________________________________________________________________________________________________

________________________________________________________________________________________________ 
Proceedings of the 17th IBPSA Conference 
Bruges, Belgium, Sept. 1-3, 2021

 
2117

 
 

https://doi.org/10.26868/25222708.2021.30877



 

There already exist models that reproduce household load 

curves at high temporal resolution based on the behavior 

patterns of its residents (Flett et al, 2017; Richardson et al, 

2010; Widén et al, 2010). Models have also been created 

to evaluate PV surplus power (Baetens et al, 2010). 

However, to our knowledge, there are no studies that 

evaluate the energy performance of a community using 

multiple indicators. 

In this paper, we evaluate the energy performance of a 

smart community by simulating the energy supply and 

demand of the community at five-minute intervals, and 

quantify performance using several different indicators. 

The target community is a new detached-home residential 

area in a subsidized district. 

Energy Performance Evaluation Method 

Three models are used in this study—the Total 

Residential End-use Energy Simulation Model (TREES 

Model), an SOFC and Battery Model, and an EV 

Charging Model. 

 

Total Residential End-Use Energy Simulation Model 

(TREES Model) 

To evaluate energy consumption and generation in the 

smart community, the Residential Energy End-Use Model 

(TREES) (Taniguchi et al, 2016) was used. The model 

structure is shown in Figure 1. First, using the occupant 

behavior schedule model, a household behavior schedule 

is created for each occupant based on occupant 

characteristics such as gender, age, and occupation 

(Yamaguchi et al, 2017). Then, based on the occupants’ 

behavior, appliance energy use is estimated by the 

appliance energy-use model. Next, the energy 

consumption of each house is estimated based on the 

specifications of each appliance in each household.  

 

 

Figure 1: Structure of Total Residential End-use Energy 

Simulation (TREES) Model 

 

Energy consumption for heating and cooling is estimated 

via a dynamic heat load simulation model and a room air 

conditioner model based on the building’s insulation 

characteristics and the weather conditions at the study site. 

The electricity generated by PV cells is also estimated for 

the same weather conditions. Lastly, the results from 

individual households are aggregated in order to estimate 

the energy consumption and generation of the entire 

community. Through these steps, the model is able to 

simulate the energy use of households in the community 

over successive five-minute time intervals, which makes 

it possible to estimate the electricity load curve of the 

residential area. Examples of the estimated results on a 

representative day using the simulation model are shown 

below: 

Example 1: Figure 2 shows a one-day load curve for a 

representative household with a 4.0 kW PV capacity. In 

this case, the homemaker is at home during the day, 

creating daytime electricity demand for home appliances 

and air conditioners. The electricity demand for air 

conditioning increases in the evening when other family 

members return home. Since, in Japan, heat pump (HP) 

water heaters mainly operate in the early morning, when 

the price of electricity is relatively cheap, demand for 

electricity from 5:00 AM to 7:00 AM, as indicated here, 

is significant. Figure 2 shows two kinds of curves—an 

energy demand curve and a PV generation curve. When 

PV generation exceeds energy demand at a particular 

five-minute time step, surplus power flows to the electric 

power system. 

 

Figure 2: Simulated load curve for a household. 

*4 people (single-income couple and 2 elementary school students)  

 

Battery Model & Battery + SOFC Model 

To achieve self-sufficiency in renewable energy, the use 

of on-site power generation such as SOFC and PV is 

essential. Home battery storage is indispensable for the 

effective use of the generated electricity. When the Feed-

in Tariff (FIT) rate is low, the use of home battery storage 

enables the residents to use their PV-generated power 

more economically. In this study, the Battery Model and 

the Battery + SOFC model are used to estimate the home 

battery storage operation. Each of the models has a 

different order of power supply, as described below. 

Battery Model 

Figure 3 shows the flowchart of the Battery Model. For 

each time step, the PV power generation and housing 

power consumption estimated by the TREES Model 

determines the battery’s operational status. PV-generated 

power is prioritized for self-consumption; when surplus 

power is available, it will be stored in the home storage 

battery. If the PV-generated energy is insufficient to meet 

household demand, electricity will be discharged from the 

home storage battery. If this is still insufficient, electricity 

will be purchased from the grid. 
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Figure 3: Battery Model system 

The PV and home storage battery priorities are shown 

below: 

① PV: Fulfill household electricity needs → Charging 

home storage battery → Sell surplus to grid  

② Home storage battery: Fulfill housing electricity 

needs 

The Battery specifications are given in Table 1. 

Table 1: Battery specifications 

Max. capacity  5.6kWh 
Max. charge power  0.9kW 

Max. discharge 
power 

0.5kW 

Loss rate of battery 95% 

 

Battery + SOFC Model 

Figure 4 shows the Battery + SOFC Model flowchart. In 

the same way as with the Battery Model, for each time 

step, the PV power generation and power consumption 

estimates produced by the TREES Model determine the 

battery and SOFC operation. 

 

Figure 4: Battery +SOFC Model system 

The SOFC, battery, and PV supply priorities are as 

follows: 

① SOFC: Household electricity needs → Charging 

home battery storage → Sell to the grid 

② Battery: Household electricity needs 

③ PV: Household electricity needs → Charging home 

battery storage → Sell to grid 

The SOFC specifications are given in Table 2. 

 

 

Table 2: SOFC specifications 

Power Generation  700 W 
Power generation 

efficiency 
46.4% 

Exhaust heat 
recovery efficiency 

30.9% 

EV Model 

To evaluate EV charging load consumption, an EV 

charging model was developed. The EV specifications 

and assumptions are shown in Table 3. The EV Charging 

Model’s calculation flow is shown in Figure 5. First, for 

each household that owns an EV, and for each timestep, 

the car usage probability and the “outing” timestep (i.e., a 

timestep in which a car user is out of the house) is checked. 

If the car usage probability is “true” for the outing 

timestep and the car user is out of the house for 30 minutes 

or more, the car is considered to be in use and, therefore, 

not at the house. A car usage probability for each hour is 

calculated based on the Person-Trip Survey in the target 

area. The Person-Trip Survey is conducted by the 

Ministry of Land, Infrastructure, Transport and Tourism 

(MLIT) to examine travel behavior in specific areas. The 

survey considers the trip origin and destination, the 

purpose of travel, the transportation mode, etc. Next, if, in 

a specific timestep, the car is not at the house but was at 

the house in the preceding or subsequent timestep, the car 

is considered to be moving a certain distance and 

consuming battery power. Alternatively, if the car is at the 

house in the preceding or subsequent timestep, the car is 

considered to be stationary and not consuming battery 

power. The car’s travel distance is decided stochastically 

based on the Person-Trip Survey. If the EV battery is not 

sufficient for the trip due to a long travel distance, then it 

is assumed that the EV was charged outside the house and 

that it has come back to the house with no battery charge 

remaining. 
 

 
Figure 5: EV Charging Model calculation flow for each 

timestep 

 

________________________________________________________________________________________________

________________________________________________________________________________________________ 
Proceedings of the 17th IBPSA Conference 
Bruges, Belgium, Sept. 1-3, 2021

 
2119

 
 

https://doi.org/10.26868/25222708.2021.30877



 

If the car is at home, it will be charged based on its 

charging mode. In this study, four charging modes were 

used: Always Charging, Less than 20% Charging, 

Housing PV Surplus Charging, and Community PV 

Surplus charging. All charging modes are used only to 

charge the EV at the house. The Always Charging mode 

charges the EV every time the battery is below its 

maximum capacity. The Less than 20% Charging mode 

only charges the EV battery if the battery level is less than 

20%. The Housing PV Surplus Charging mode only 

charges the EV battery if the household has a PV surplus. 

The Community PV Surplus Charging mode assumes that 

sharing surplus energy between households is possible 

and charges the EV battery if the community has a total 

PV surplus exceeding the charging load. The Community 

PV Surplus Charging mode prioritizes charging EVs 

having a low battery charge. 

As noted in Table 3, the EV user in this simulation is 

assumed to be an employed male; the fuel economy, 

charging load, and battery capacity are based on the 

specifications of the Nissan Leaf. 

Table 3: EV specifications and assumptions 
 

Car User  Working Male 

Fuel Economy 155 Wh/km 

Charging Load 3 kW 

Battery Capacity 40 kWh 

Moving Distance 

Based on 2010 Person-Trip 

Survey (South Suita; 

weekdays and holidays) 

EV Possession 100% (125 EVs) 

Charging Mode Always Charging 

Car Usage Probability 

Based on Person-Trip Survey 

(South Suita; weekdays and 

holidays) 

Simulation Results 

Using the models described above, the energy 

performance of various types of smart communities can 

be evaluated. We applied our approach to a case study on 

the smart community currently being developed in Osaka, 

Japan, to demonstrate its potential. The community 

includes 125 new detached residential homes with two 

different layouts. 

Comparison of the effect of various energy generation 

technologies in the smart community 

One of the goals of a smart community is to create a net-

zero energy community by introducing energy-creating 

technologies. Typically, this includes large-capacity 

photovoltaic power generation, energy storage with 

batteries, and power generation with fuel cells. As 

indicated in Table 4, three basic cases were considered in 

this study. (A fourth case—one that includes EVs—is also 

considered.) 

In Case 1, the base case, housing insulation is assumed to 

meet the Zero Energy House (ZEH) standard of 0.6 

W/(m2⋅K) UA value. A ZEH is a house in which the net 

energy consumed per year is roughly zero (or less). Since 

the 125 houses in the planned community will be built 

along a curved road, the orientation of the houses was 

varied, as shown in Table 5. None of the homes has the 

capacity to generate its own energy. 

In Case 2, each house is assumed to have energy 

generation technologies. This includes PV with a capacity 

of 4.0 kW and a home storage battery with a capacity of 

5.6 kWh.  

In Case 3, in addition to PV and a home storage battery, 

each house is assumed to be using an SOFC fuel cell.  

Annual energy consumption and power generation are 

obtained from the simulation, while the ZEC (net Zero 

Energy Community) achievement rate is calculated 

according to equation (1): 

𝑍𝐸𝐶 𝐴𝑐ℎ𝑖𝑒𝑣𝑒𝑚𝑒𝑛𝑡 𝑅𝑎𝑡𝑒 =
𝐸𝑔

𝐸𝑐

× 100 (1) 

𝐸𝑔:  annual energy generation [kWh] 

𝐸𝑐:  annual energy consumption [kWh] 

 

In Case 1, where the homes have insulation but no energy 

generation technologies, the ZEC achievement rate is (not 

surprisingly) 0%, and the primary energy balance for the 

entire community is 7850 GJ. In Case 2, by installing PV 

and home battery storage, the ZEC achievement rate 

increases to 80% and the primary energy balance is 

reduced to 1606 GJ, which is a significant improvement. 

More than half of the electricity consumption 

(approximately 59%) is covered by self-consumption, 

mainly from 5300 GJ of PV energy production and a 1185 

GJ discharge from batteries. 

In Case 3, the ZEC achievement rate is 98%, while the 

primary energy balance is reduced to 268 GJ, which is 

very close to achieving the goal of a ZEC. With the 

addition of SOFC, 99% of the electricity consumption is 

from self-consumption. However, due to the energy used 

by SOFC to generate electricity, primary energy 

consumption is higher than in Case 1 and Case 2.  

 

 

Figure 6: Annual primary energy consumption and ZEC 

Achievement Rate. (EC: electric consumption; GC: gas 

consumption) 

An examination of the household distributions in Figure 

7 allows us to identify some of the household attributes 

that result in a positive energy balance. The vertical axis 

of the graph in the figure shows annual power generation; 

the horizontal axis shows annual energy consumption. 

The diagonal line that extends from the origin represents 
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the net zero energy condition. Households plotted to the 

upper left of the line have a positive energy balance 

(Annual Power Generation > Annual Energy 

Consumption); those plotted to the lower right have a 

negative energy balance (Annual Power Generation < 

Annual Energy Consumption).

Table 4: Simulation conditions 

 Case1 Case2 Case3 

PV Capacity - 4.0kW 

Insulation Standard ZEH 

Energy Generation  

Technologies 
- PV+Battery PV+Battery+SOFC 

Family Composition 

“2 people (single/double-income couple (single: 13 households; double: 23 households)” 

 and 

 “4 people (single/double-income couple, 2 elementary school students (single: 33 

households; double: 56 households)” 

House Specification 
Gas House, City Gas Water Heater, Air Conditioning, Gas Hot Water Floor Heating, 

LED light, High-Efficiency Home appliances. 

Weather Data Apr. 2016 - Mar. 2017, Osaka Pref., Japan, 5-mins data 

 

Table 5: House orientation 

 
Angle from South 

Westward Eastward 

30° 22.5° 7.5° 7.5° 22.5° 30° 

Number of Houses 

(percentage) 

57 

(46%) 

10 

(8%) 

31 

(25%) 

24 

(19%) 

2 

(2%) 

1 

(1%) 

 

 

Figure 7: Annual Primary Energy Consumption and 

Power Generation of the 125 houses in the smart 

community 

As shown in Figure 7, for Case 1, all households appear 

along the X-axis, meaning that the energy balance for 

every household is negative. In Case 2, all households are 

plotted to the lower right of the diagonal, which also 

indicates negative energy balances. Notably, however, the 

use of PV and home battery storage significantly 

improves the ZEH achievement rate, to a maximum of 

90%. 

In Case 3, the use of SOFC markedly increases annual 

power generation. As a result, 36 households are plotted 

to the upper left of the zero-balance diagonal, thus 

showing a positive energy balance, while 89 households 

are plotted to the lower right (which indicates a negative 

balance). All 36 of the households having a positive 

energy balance are two-person households. We found that 

a two-person household, regardless of whether it is a 

single- or double-income household, can achieve ZEH 

status. 

The estimated self-consumption rates are shown in Figure 

8. Surplus electricity generated by PV and SOFC can be 

sold to the power grid. It should be noted, however, that 

in the future, the economic benefits of selling surplus 

electricity are expected to decrease due to a decline in the 

FIT rate and the rise of electricity prices. Therefore, to 

maintain the benefit of these technologies, it is important 

to focus on the self-consumption of any surplus electricity. 

The self-consumption rate and the PV self-consumption 

rate can be calculated using equations (2) and (3), 

respectively. 

 𝑆𝑒𝑙𝑓‐ 𝐶𝑜𝑛𝑠𝑢𝑚𝑝𝑡𝑖𝑜𝑛 𝑟𝑎𝑡𝑒 =
𝐸𝐿𝑆

𝐸𝑔

× 100 (2) 

 𝑃𝑉 𝑆𝑒𝑙𝑓‐ 𝐶𝑜𝑛𝑠𝑢𝑚𝑝𝑡𝑖𝑜𝑛 𝑟𝑎𝑡𝑒 =
𝑃𝑉𝐸𝐿𝑆

𝐸𝑔

× 100 (3) 

𝐸𝐿𝑆: Electricity Self-consumption 

𝑃𝑉𝐸𝐿𝑆: PV Electricity Self-consumption 

Eg: Generated electricity 
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Figure 8: Annual Power Generation and   Self-

consumption Rate 

In Case 2, the self-consumption rate is 49%. However, in 

Case 3, the rate falls to 29%. This decrease is due to the 

increase in power generation, the denominator of the 

self-consumption rate, resulting from a high SOFC 

surplus. In addition, with the use of SOFC, the PV self-

consumption rate is reduced to less than 1%, which is a 

major factor in reducing the overall self-consumption 

rate, as most of the power generation is reversed to the 

grid.  

Therefore, to sustain the advantages of PV and SOFC in 

the future, the large amount of PV reverse power flow 

should be reduced and the self-consumption rate should 

be increased. 

Estimating energy consumption when EVs 

are introduced 

The results reported above are estimates based only on 

residential buildings and the associated energy-saving 

technologies that can be used in such buildings. However, 

when assessing the energy performance of a community, 

it is important to also evaluate the energy used by 

community residents for transportation. As the number of 

EVs is expected to increase in the future (in order to 

reduce 𝐶𝑂2 emissions), a substantial amount of electricity 

will be consumed for EV charging at home. To assess the 

impact of EVs on community energy performance, we 

created Case 3+EV in which EVs were added to the Case 

3 conditions. 

 

Figure 9: Annual Primary Energy Consumption and 

Generation when EVs are introduced (EC: Electric 

Consumption; GC: Gas Consumption) 

In Case 3, the ZEC achievement rate was found to be 98%. 

However, in Case 3+EV, the rate declines to 84%, a 

decrease of 14% relative to Case 3. This decrease is 

mainly due to the 2008 GJ increase in electricity demand 

associated with the introduction of EVs. This result 

strongly suggests that the introduction of EVs will have a 

significant impact on smart community energy 

consumption. Notably, following the increase in 

electricity demand, the amount of PV self-consumption 

increased by 240 GJ. The use of EVs is also expected to 

increase the self-consumption of surplus electricity, 

which was shown to be a problem when SOFC is 

introduced. To help resolve the problem, the use of a 

microgrid system to charge EVs could reduce the reverse 

power flow. 

Figure 10 shows the results of the weekly load curve for 

a representative household consisting of four people, 

including a double-income couple. The seven days 5/6 to 

5/12 were selected as the representative week. 

 

Figure 10: Electricity consumption and PV generation in 

a representative household in a typical week 

Because EVs are mainly charged at night, when the EV 

user returns home, night-time energy consumption—a 

combination of regular household demand and EV 

charging— is high. 

Comparison of energy consumption 

according to regional differences 

Based on the results of our study, it seems clear that the 

subject smart community has high energy performance. In 

the future, such energy efficient communities are 

expected to proliferate throughout the country as well as 

abroad. Thus, it would seem essential that we have a way 

to quantitatively assess how the technology in our case 

study community would be affected by different climate 

conditions. To this end, we estimated the impact of 

relocating the community to Hokkaido and Okinawa, the 

two Japanese cities having the largest temperature 

differences. 

The estimation conditions for both Okinawa and 

Hokkaido were the same as those described in Table 4, 

except for the weather data. Our estimation results for the 

two cities are shown in Figure 11. They can be 

summarized as follows: 

Hokkaido: In terms of primary energy balance, Case 1 

(the base case) shows a 10,476GJ deficit, while Case 2 

has a deficit of 5,042GJ, a 5,434GJ decrease relative to 

Case 1. Case 3 shows a negative balance of 2,491GJ 

(7,985GJ less than Case1). In Case 2, where PV is 

installed, the ZEC achievement rate is 52%. In Case 3, 
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where SOFC is added, the ZEC achievement rate 

increases by 32% to 84% relative to Case 2. Thus, there 

is  substantial merit to introducing SOFC in Hokkaido. 

 

 

Figure 11:  Annual Primary Energy Consumption and Power Generation in Hokkaido and Okinawa (EC: Electric 

Consumption; GC: Gas Consumption) 

 

Okinawa: With respect to the primary energy balance in 

the Okinawa community, Case 1 shows a 6013 GJ 

deficit; for Case 2, the deficit is reduced to 502 GJ, a 

decrease of 5511 GJ. Notably, the Okinawa community 

in Case 3 is able to achieve net zero carbon status (-1390 

GJ). It should be mentioned that no energy consumption 

for heating occurs in Okinawa. This is thought to be a 

major factor in the ability of the Okinawa smart 

community to meet the zero carbon goal. However, the 

rate of ZEC achievement in Case 2, where only PV is 

installed, is 92%, indicating that it is possible to achieve 

a near-ZEC when PV is installed. In Case 3, the increase 

in the ZEC rate is 30% relative to Case 2, which is less 

than in the Hokkaido location. Therefore, it would 

appear that the merit of introducing SOFC in Okinawa is 

relatively small compared to Hokkaido. 

It should be noted that the reduction in heat load due to 

the introduction of SOFC differs between the two 

locations, even though the basic conditions are the same. 

Consequently, a comparison of the heat load in Case 1 

(the base case) and Case 3 in Okinawa and Hokkaido was 

conducted. The annual heat load for each case is shown in 

Figure 12. 

 

 

Figure 12: Annual heat demand 

Waste heat from SOFC can only be used for hot-water 

heaters and cannot be used for gas hot-water floor heating. 

Therefore, only hot-water heaters can reduce the heat load. 

The results shown in Figure 12 indicate that in Hokkaido 

the heat load is reduced by 1146 GJ, while in Okinawa the 

reduction is only 477 GJ, less than half the reduction in 

Hokkaido. As to the cause of this difference, it can be seen 

from the heat-load-by-time graph in Figure 13 that the 
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demand for hot water supply is much higher in Hokkaido 

than in Okinawa.  

 

Figure 13: Heat load by time 

As a result, the amount of waste heat used increases, and 

the size of the reduction in hot water demand when SOFC 

is introduced increases. It can also be seen that around 

6:00 PM, the amount of waste heat used is higher in 

Okinawa than in Hokkaido. This is because the amount of 

waste heat used in Hokkaido is high at 17:00 and the heat 

stored in the hot water storage tank has run out; thus, the 

amount of waste heat used decreases. 

Conclusion 

In this study, the Total Residential End-Use Energy 

Simulation (TREES) Model was used at the community 

level to evaluate the energy performance of a smart 

community currently under development in Japan. Since 

the model considers various parameters that affect energy 

consumption, it is possible to estimate the energy 

performance of communities with different characteristics 

by changing the parameters. The key findings of the study 

are summarized below: 

⚫ When PV, batteries, and SOFC are installed in every 

home in the community, the ZEC achievement rate 

is 98%, which is the highest among the three cases 

examined. In addition, 99% of the electricity 

demand is generated by the community itself. A two-

person household can achieve ZEH, irrespective of 

whether it is a single- or double-income household. 

However, with the introduction of SOFC, the PV 

self-consumption rate is decreased to less than 1% 

and nearly all of the power generated is sold to the 

grid, which lowers the overall self-consumption rate. 

To maintain the benefits of installing batteries, it is 

important to focus on the self-consumption of 

surplus electricity. 

⚫ When EVs are added to Case 3, electricity 

consumption increases by a factor of 1.5, while the 

ZEC achievement rate is reduced to 84%. This 

indicates that the introduction of EVs will have a 

significant impact on the energy consumption of a 

smart community. However, with the increase in 

electricity consumption, the amount of PV self-

consumption increases. This is expected to increase 

the self-consumption of surplus electricity, which 

was found to be a problem when SOFC is introduced. 

To resolve this problem, the use of a microgrid to 

charge EVs can reduce the amount of reverse power 

flow. 

⚫ To compare regional differences in energy 

consumption, the study examined the effects of 

moving the smart community to Hokkaido and 

Okinawa, where the temperature differences are 

extreme. It was found that the benefits of adding 

SOFC are greater in Hokkaido. Moreover, Okinawa 

has the potential to achieve ZEC by introducing 

SOFC, although the advantages of including SOFC 

are smaller than in Hokkaido. 

In our future research, we plan to conduct analyses based 

on the actual measured data of smart communities so that 

our model more precisely reflects the essential 

characteristics of these communities. 
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