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Abstract
With the increased interest in the sustainability of
Japanese cities, there has been an increase in the
development of smart communities; a residential district
or community that has committed itself to environmental
and energy initiatives. Most smart communities have
succeeded in achieving a zero-energy community, and
some have achieved this aim by adopting energy-saving
measures and utilizing photovoltaic solar panels (PVs).
However, based on electricity load curves, there is a large
amount of surplus energy production because most of the
energy that is produced by PVs cannot be utilized
immediately due to the low demand in residential areas
during the daytime. This surplus power is bought by
electric companies, which results in high reverse power
flow. Further, the recent increase in the use of electric
vehicles (EVs) has meant that charging these vehicles has
placed high loads on the community electricity grid at
night. However, the EV’s battery can also be used as
power sources for buildings. This study examined
whether the use of EVs in residential areas can be applied
to solve the PV energy-production surplus problem using
a case study on a smart community in Osaka. A simulation
model of both residential energy and EV charging was
developed. Each household member behavior was
modelled based on its characteristics, and in conjunction
with weather, appliance utilization, and house
characteristics, the household member behavior was then
used to estimate residential energy consumption. Using
the same behavior data, an EV charging model was
developed and various EV usage and charging scenarios
were estimated. A case study that simulates a real smart
community was then performed to study different power
generation and consumption scenarios. The findings
showed that resident behavior is related to the EV usage,
where the EV usage and EV charging patterns are strongly
related to the community energy consumption and selfconsumption rate.

Introduction
Due to current global warming trends, new residential
areas have started adopting systems to mitigate against
climate change by constructing energy-efficient buildings
and equipment and using renewable energy sources.
Many of these developments are now designed to be
positive energy districts (PED), which are districts that are
characterized by negative energy imports and negative

CO2 emissions. Communities in Japan have also started to
reduce energy purchases from the grid and reduce CO2
emissions. One such community is the M Smart
Community development in Suita City, Osaka, which
succeeded in achieve an 83% Zero Energy Community
(ZEC) by adopting a variety of measures, such as using
energy-efficient appliances and equipment, as well as
using PVs and fuel cells to produce energy. To achieve a
ZEC, these communities generate large amounts of
power, mainly by using PVs. However, because of the
low demand during the daytime, most of the energy that
is produced by these solar panels is not used by the
community itself, which results in high levels of surplus
energy being transferred to the grid.
The Japanese Ministry of Land, Infrastructure, Transport,
and Tourism (MLIT) has committed itself to increasing
the adoption of EVs, which produce fewer CO2 emissions
compared to gasoline cars, to 20-30% by 2030 (Ministry
of Economy, Trade, and Industry, Government of Japan,
2010). However, the EVs are typically charged on the
evening after they have been used, which results in further
increases of evening household peak loads at night time
in residential areas. Therefore, it is important to shift the
EV charging timing to level off the demand for electricity
at night. This study aimed to examine the feasibility of EV
usage in a ZEC residential area to increase the PV selfconsumption rate in a smart community in Osaka, Japan.

Method
To answer these aims, a bottom-up residential energy enduse model was developed together with an EV energy use
model. The details of the models are described in the
following subsections.
Total Residential End-use Energy Simulation
(TREES)
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
was created for each occupant in the residential area based
on occupant characteristics, such as gender, age, and
occupation (Yamaguchi et al, 2017). Then, based on the
occupants’ behavior, the appliance energy use was
estimated using the appliance energy use model. Next, the
energy consumption of each house was estimated based
on the specifications of each appliance in each household.
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Figure 1: The structure of Total Residential End-use Energy Simulation (TREES) model
Energy consumption for heating and cooling were
estimated by a dynamic heat load simulation model and a
room air conditioner model based on the building
insulation characteristics and weather conditions at the
study site. The electricity generated by PV cells was also
estimated for the same weather conditions. Lastly, the
results from the households were aggregated to obtain the
entire community energy consumption and generation.
Through these steps, the model can simulate the energy
use of households in the community at five-minutes time
intervals, which makes it possible to estimate the
electricity load curve of a residential area.
Electric Vehicle Charging Model
To evaluate EV charging load consumption, the EV
charging model was developed as described below. The
EV specifications and assumptions are shown in Table 1
while the EV Charging Model Calculation Flow was
calculated as shown in the flow chart in Figure 2. First,
for each household that owns an EV, for each timestep,
the car usage probability and the outing timestep (i.e., the
timestep where the car user is on outing) is checked. If the
car usage probability is true at the outing timestep and the
car user is out of the house for 30 minutes or more, the car
is considered as being used and is not at home. The car
usage probability for each hour was calculated based on
the Person-Trip Survey in the target area. The Person Trip
Survey is a survey conducted by the Ministry of Land,
Infrastructure, Transport, and Tourism (MLIT) which
examined travel behavior in specific areas. The survey
considered the trip origin and destination, the purpose of
travel, transportation mode, etc. Next, if at a specific
timestep, the car is not at the house but it was at the house
at the preceding or subsequent timestep, the car is
considered as moving a certain distance and consuming
battery power. Alternatively, if the car is at the house at
the preceding or subsequent timestep, the car is
considered being stationary and not consuming battery.
The car 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 2: EV charging model calculation flow for each
timestep
If the car is at the house, then it will be charged based on
its charging mode. In this study, four charging modes
were used: Always Charging mode, Less Than 20%
Charging mode, Housing PV Surplus Charging mode, and
Community PV Surplus charging mode. All charging
modes only 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
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mode only charges the EV if the household has a PV
surplus. The Community PV Surplus Charging mode
assumes that sharing of surplus energy between
households is possible and charges EV if the community
has a total PV surplus exceeding the charging load. The
Community PV Surplus Charging mode will prioritize
charging of EVs with a low battery charge.
As mentioned in Table 1, the EV in this simulation is
assumed to be used by an employed male, and the fuel
economy, charging load, and battery capacity are based
on the Nissan Leaf specifications.
Table 1: EV specifications and assumptions
Car User
Fuel Economy
Charging Load
Battery Capacity
Car Usage Probability

Working Male
155 Wh/km
3 kW
40 kWh
Based on 2010 Person-Trip
Survey
Based on 2010 Person-Trip
Survey

Moving Distance

Home Battery Storage Model
To increase the self-consumption and self-sufficiency rate
of the community, the home battery storage can be used
to store the PV surplus and utilize it when needed. The
battery model used in this study simulates the charge and
discharge of the battery in each household (Kitagawa et
al., 2019). The calculation of the battery model is shown
in Figure 3, Table 2, and Table 3.
For each time step, from the data estimated by the TREES
Model, the operational status of the battery is determined.
The power generated from the PVs is prioritized for
household consumption; when a surplus is available it is
stored in the battery. The battery will be discharged when
the electricity generated by the PVs is insufficient for
meeting the household demand.
t=0
pv(t)-e(t) > 0

No

cap(t) >0

Yes

No

Yes
No

t ≧ Charge Start Time
cap(t) < Max Cap
Yes

Selling
Only

Charge

Discharge

Purchase
Only

t+=1
Yes

t < 105,120
No

t+=1
t : Time step
pv(t): PV generation

cap(t): Battery capacity

e (t): Electricity demand

Max cap : Max capacity

Figure 3: Main calculation flow of battery model.

Table 2: Calculation formula list of battery model.
Charge

Selling
Only

Discharge

Purchase
Only

purt

0

0

et - pvt Dis*Loss

et - pvt

surt

pvt - et Char

pvt - et

0

0

selft

et

et

pvt +
Dis*Loss

pvt

dis/
chart

+Char*Loss

0

- Dis

0

Table 3: Summary of notations.
Notation
t
pvt
et
purt
surt
selft
dis/chart
Char
Dis
Loss

Description
Time step
PV generation
Electricity demand
Purchased electricity
PV power flow to the grid
Self-electricity consumption
Change amount of battery
(+: charge power to the battery
/-: discharge power from the battery)
Max charge power
Max discharge power
Battery loss rate

Unit

kW

%

Simulation Results
This section describes the study site, simulation
conditions, and the simulation results.
Target Site and Simulation Conditions
The study site of this research is an existing smart
community in Osaka. The simulation cases and target site
detail are shown in Table 4 and Table 5. The community
is comprised of 125 two-story detached houses with 4.0
kW PVs. The smart community developed in Osaka uses
SOFC (Solid Oxide Fuel Cell) and consumes gas for
cooking and other purposes; however, in this study, the
houses were assumed to be all-electric houses with a heatpump water heater and water-based underfloor heating.
The insulation employed for the walls and windows of the
houses has a high-insulation specification that exceeds the
Japanese energy efficiency standard. In terms of family
composition, four scenarios were assumed in this
community, which are, 2 people with single income, 2
people with double income, 4 people with single income,
and 4 people with double income. 2 people family consist
of one man and one woman, while 4 people family consist
of one man, one woman, and 2 elementary school children.
The weather data used was five-minute data from April
2016 to March 2017 measured on site. The EV ownership
was assumed to meet the MLIT 2030 target of 30% EVs.

uSIM2020 - Building to Buildings: Urban and Community Energy Modelling, November 12th, 2020

Table 4: Simulation conditions.
Base 1
(PV only)
EV Possession
Home battery
storage

Base 2
(PV + BT)

Current 1

Current 2

0%
-

Smart
Charging 2

30% (38 EV)
5.6 kWh

Charging mode

Smart
Charging 1

-

-

-

-

-

Always
Charging

Less than 20%
Charging

Housing PV
Surplus
Charging

Community
PV Surplus
Charging

House
orientation
Family
composition
House
specification
PV angle /
orientation

2 people (single / double income couple) &
4 people (single / double income couple, elementary school students)
All-electric house, heat pump water heater, air conditioning, heat pump hot water floor heating,
LED light, high-efficiency home appliances

Weather data

Apr. 2016 - Mar. 2017, Site-measured, 5-mins data

House layout

Two-story house, two layouts

PV capacity

4.0 kW

Car Usage
Probability

Person-Trip Survey (south Suita; weekdays and holidays)

BASE CASE

2/1 Slope (25.6°) / South-facing roof

Table 5: Base case house orientation and number of households.
Angle from south
30°
33
24
46%

North-facing layout
East-facing layout
Percentage

Westward
22.5°
10
10
16%

Community Energy Consumption without EV
Charging
Using the TREES model, the EV charging model, and the
home battery storage model mentioned above, the cases
mentioned in Table 4 were calculated. The results of the
Base 1 and Base 2 cases are shown in Figure 4 and Figure
5. The ZEC achievement rate and self-sufficiency rate
shown in Figure 4 and self-consumption rate were
calculated using the equations below.
ZEC Achievement Rate =
Self Sufficiency Rate =

AEP
× 100%
AEC

Self
× 100%
AEC

Self Consumption Rate =

Self
× 100%
AEP

7.5°
21
0
17%

7.5°
12
12
19%

Eastward
22.5°
2
0
2%

30°
1
0
1%

discharging. However, not all of the energy produced by
the community is consumed directly by the community.
In the Base 1 case, the community only self-consumed
25.3% of the total energy generated by the PVs, while in
the Base 2 case where the housing has 5.6 kWh battery,
56.3% of the energy generated was consumed due to the
presence of the batteries in the households. The use of
battery in the housing increase the self-sufficiency rate of
the community but slightly reduce the ZEC achievement
rate due to the battery losses.

(1)
(2)
(3)

AEP: Annual energy production [kWh]
AEC: Annual energy consumption [kWh]
Self: Annual self-consumption from generated energy [kWh]

From the results, the target community which has high
insulation, high-efficiency home appliances, and PVs,
achieved a ZEC achievement rate of 83%. If a home
battery with a 5.6 kWh capacity is included in the same
community, the ZEC achievement rate will decrease to
82% due to losses associated with battery charging and

Figure 4: Annual primary energy consumption and
generation in Base 1 and Base 2 case
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The result of both charging modes are shown in Figure 6.
On both charging modes, mostly, the EV is charged at
night when the EV user came back to the house from
outing. This result in high energy consumption at night
due to high energy consumption from housing demand
and EV charging demand.

Figure 5: Electricity consumption and PV generation in
the community on a representative week in the Base 1
case
Furthermore, as shown in Figure 5, most of the PVgenerated energy cannot be consumed because the PVgenerated energy is generated at around noon when the
households are unoccupied. This PV surplus is assumed
to be sold to the grid following the feed-in tariff (FIT)
policy. However, since the FIT was only applicable for a
certain period, it is less profitable to sell the energy
produced after expiration of the FIT. Therefore, it is
important to increase the self-consumption rate of the
community.
Community Energy Consumption including EV
Charging
The adoption of EV charging will increase the electricity
demand of the community. As shown in Table 4, two
charging modes were assumed to represent the current
charging mode. The Always Charging mode (Current 1)
charges the EV whenever the EV is available at home,
while the Less than 20% Charging mode (Current 2)
charges the EV whenever the battery is lower than 20%.

Figure 6: Electricity consumption and PV generation in
a representative household in a typical week
(Top: Always Charging case;
Bottom: Less than 20% Charging case)

EV Smart Charging Using PV Surplus
Since the EV charging load is relatively high and occurs
at times when loads are high, EV smart-charging systems
are required in order to increase the household selfconsumption rate and self-sufficiency rate. In this study,
we propose a smart charging method that charges the EV
using housing PV surplus and community PV surplus.

Figure 7: Representative household’s electricity
consumption and PV generation on a representative
week in Smart Charging using housing PV Surplus case
Smart charging using the housing PV surplus occurs when
EV charging is performed only if the PV in the house has
surplus energy. However, if the EV battery is lower than
20%, the EV will be charged until the battery reaches 20%.
Using this charging mode, the electricity demand shifts to
when the housing has a PV surplus, as shown in Figure 7.
However, in this charging mode, since EV charging is
performed whenever the housing has a PV surplus, most
of the time the charging occurs, the PV surplus is lower
than the EV charging load. Therefore, electricity from the
grid is needed to fulfill the EV charging load, which
causes only a slight increase in the community PV selfconsumption rate, from 25.7% in the Always Charging
mode (Current 1 case) to 26.1% in the Housing PV
Surplus Smart Charging case.
EV Smart Charging Using Community PV Surplus
To increase the community self-consumption rate, smart
charging using Community PV Surplus mode is
introduced. Here, the community PV surplus is defined as
the total amount of PV surplus from each house. In this
charging mode, it is assumed that it is possible to share
the PV surplus between households to charge the EV in
the community, and the EV will be charged only if there
is a community PV surplus. However, if the battery is
lower than 20%, the EV will be charged regardless of the
availability of the PV surplus. Using this charging mode,
the community energy consumption for a representative
week is shown in Figure 8 and Figure 9. Using the
Community PV Surplus Charging mode, EV charging is
performed mostly when the community has a PV surplus.
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Figure 8: Community electricity consumption and generation in a representative week
in the Community PV Surplus Smart Charging case

Figure 9: Community consumption from EV charging
and PV surplus in a representative week in the
Community PV Surplus Smart Charging case

Figure 10: Community annual primary energy
consumption and generation in smart charging modes
As shown in Figure 10, when using Community PV
Surplus charging mode, PV self-consumption increases
from 25.7% to 27.3%, which means that once the EV has
finished charging, there is still a surplus that will be sold
to the grid. Further, as shown in Figure 8, in some

timesteps, the total energy consumption of the community
is higher compared to PV generation. This is due to there
being no energy sharing between households, except for
EV charging, which causes some households to have a
surplus and some households needing to buy electricity
from the grid at the same time. If the PV surplus from
these households is sufficient for charging the EV, then
the EV will be charged and increase the community
energy consumption. Therefore, to increase the
community self-consumption rate, first, a microgrid
system among the households within the community is
needed to share the PV surplus to the households that need
it; only then should the surplus be used for EV charging.
In the future, EV possession can increase to more than
30%. Figure 11 shows the annual primary energy
consumption and generation of the community for
different EV possession percentages. With an increase in
EV possession, compared to the 30% EV possession
scenario, the electricity consumption for EV charging
increased by roughly 28% for every 10% increase in EV
possession. Due to this increase, the increase in EV
possession increases the total electricity consumption,
which affects a decrease in the ZEC rate. However, since
EV charging is performed in the Community PV Surplus
Charging mode, the self-consumption of the community
increases with the EV possession increase. Therefore,
even in the Community PV Surplus Charging mode,
where the EV is only charged when the community has a
PV surplus and all of the households in the community
have EVs, 66.2% of the PV-generated energy in the
community is sold to the grid. Also, as shown in Table 6,
even though EV possession and the annual EV charging
energy consumption increased, most of the energy
consumed is from PV-generated energy. In the case where
all household possessed EV, the power consumed from
the grid is small, amounting to only 0.5% or less.
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Figure 11: Community annual primary energy
consumption and generation for different EV penetration
rates
Table 6: Annual community EV charging energy
consumption from PVs and the grid for each EV
possession rate
Charging
from PVs
[kJ]

Charging
from grid
[kJ]

Charging
from grid
[%]

30%

160.1

0.8

0.50%

50%

249.3

1.1

0.44%

70%

341.0

1.4

0.42%

100%

496.7

2.2

0.44%

Figure 12: Community annual primary energy
consumption and generation for different EV usage
frequencies (EV possession 100%)

Furthermore, not only will EV possession increase in the
future, but the EV usage frequency may also increase.
Figure 12 shows the community annual primary energy
consumption and generation for different EV usage
frequencies. “Person-Trip car usage rate” scenario
indicates that the EV usage is based on the Person-Trip
survey car usage—same usage frequency previously used
in this study, while the “Weekend Only” scenario
indicates that the EV is used for every outing on weekends,
and “All Outing” scenario indicates the EV is used in
every outing done. As shown in Figure 12, as the EV
usage frequency increases, the self-consumption rate
increases and the ZEC rates decrease. This is because the
increase in usage frequency drains the EV battery more
frequently and the chance to charge the EV battery when
community PV surplus is available increases. Therefore,
EV charging increased, which increases electricity
consumption and decreases the ZEC rate. Since the
charging performed mostly by the PV surplus, the selfconsumption rate increases as the EV usage frequency
increases.
Figure 13 shows the community's primary energy
consumption and generation for each month in a year
when the community has 100% EV possession and the EV
is used for every outing. Since the EV is only charged if
the community has a PV surplus, in winter months when
the solar insolation is low, the average amount of charge
in the battery is also low. Here, January has a relatively
high average battery charge remaining because the
calculation started from January 1 with a full battery. In
summer, especially in May and August when solar
insolation is high, the average battery charge remaining is
also high. With a high EV charging frequency, only May
has a positive total energy. This is because this month is
characterized by having a low household energy
consumption and high PV generation. Further, in all
months, the average battery charge is higher than 10 kWh,
or 25%, which means that it is possible to use the charging
mode to charge the EV in the community.

Figure 13: Community primary energy consumption and
generation in each month
(EV possession 100%, EV usage frequency 100%)
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Table 7. ZEC achievement rate, self-consumption rate, and self-sufficiency rate in each case
Base 1
(PV only)

Base 2
(PV + BT)

Current 1

Current 2

Smart
Charging 1

Smart
Charging 2

Always
Charging

Less than 20%
Charging

Housing PV
Surplus
Charging

Community
PV Surplus
Charging

ZEC
achievement rate

83 %

82 %

81 %

82 %

81 %

80 %

Self-consumption
rate

25.3 %

56.3 %

25.7 %

25.5 %

26.1 %

27.3 %

Self-sufficiency
rate

21.1 %

46.9 %

20.9 %

20.8 %

21.2 %

21.9 %

Conclusion
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