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Abstract
The purpose of this study is to evaluate fluctuating
energy consumption among households. Since the
energy consumption of a household is determined by
various factors, the CO2-reducing effect of a certain
measure varies greatly depending on the household.
Therefore, in order to accurately estimate the effects of
various measures, it is very important to obtain a view of
the energy-use distribution of urban households. Two
tools are used to analyze the relationship between energy
consumption and its determining factors. One is an enduse energy simulation model in the residential sector,
which is developed by the authors. This model considers
the diversity of the households in Japan, and reproduces
the energy consumption system in actual houses using a
bottom-up method. The other is governmental statistics
in which the energy consumption and its explanatory
factors are summarized for the same household, so that it
is possible to analyze the relationships between energy
consumption and household characteristics. By using
these two tools, we reveal several factors that can cause
differences in energy consumption among households.
For example, households with high annual energy
consumption have common household characteristics
that increase energy consumption over all end-uses, such
as appliance operation, kitchen use, and heating or
cooling. Furthermore, high-consumption households
tend to have more energy-consuming behaviors than
expected, including longer heating times and lower
implementation rates of energy-saving behavior.
Therefore, by using this model, it is possible to provide
an accurate assessment that considers the differences in
CO2 reduction potential among households when
implementing greenhouse gas reduction measures.

Introduction
Household energy consumption is determined by various
factors such as the number of household members and
their time-use schedules, the type and size of house, the
heat insulation performance of the house, the ownership
status and efficiency of appliances, and climate
conditions. As a result, the CO2-reducing effect of a
certain measure varies greatly depending on the
household. Therefore, it is very important to understand
the relationship between energy consumption and its

determining factors, and to obtain a view of the energyuse distribution of urban households.
In Japan, the CO2 emissions reduction target in the
residential sector is to achieve a 39% reduction by 2030
compared to the 2013 level. To achieve this target, the
Japanese
government
has
suggested
various
countermeasures for the residential sector, such as
energy-saving standards for newly built houses,
installation of high-efficiency water heaters, installation
of high-efficiency lighting devices, installation of highefficiency appliances, and the introduction of Housing
Energy Management Systems (HEMS). Especially in the
residential sector in Asian countries like Japan, due to
the relatively warmer climate conditions compared with
Europe and North America, it is not sufficient to only
increase the housing insulation or heating systems, and
measures should be taken for various kinds of end-uses
in order to meet the target CO2 reduction level. The
government estimates that this target level can be
achieved through the aforementioned countermeasures
(Ministry of the Environment, 2016). However, Japanese
energy-saving estimates largely fail to consider
variations among households. By clarifying the
mechanism of energy consumption through this research,
it is possible to provide an accurate assessment that
considers the differences in CO2-reduction potential
among households.
To analyze the energy consumption mechanism of the
residential sector, we develop and apply a bottom-up
simulation model based on the TREES (Total
Residential End-use Energy Simulation) model. Energy
demand is fundamentally driven by the behavior of
household members. The effectiveness of installing
high-efficiency appliances depends on their operating
hours. It is important to simulate end-uses with a
procedure that mimics actual household behavior. Our
model resolves this difficulty by estimating energy
consumption in each representative household based on
the appliance operation schedule, determined by the
time-use schedule of every occupant in the household. In
addition, the ownership, specification, and energy
efficiency of appliances vary significantly among
households. Therefore, the relationship between resident
attributes and appliance ownership status also needs to
be taken into account. In the present study, this difficulty
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is resolved by introducing a logit model for each
appliance.
To verify the accuracy of the simulation results,
governmental statistics – the household CO2 statistics
(Ministry of the Environment, 2016) – were used as a
tool. The outline is shown in Table 1. In these statistics,
the household energy consumption and its explanatory
factors are summarized for the same household, and it is
Table 1: Outline of the household CO2 statistics
Target area

Simulation model

All of Japan

Survey period
October 2014 to September 2015
Number of survey
16402 households
households
Total number of valid
11632 households
households
Survey method

Surveyor/Internet survey

Regional
Prefectures, urban classes
information
Relationship with the head of household, age,
Resident
Employment of household, Household size,
information
annual household income
Building year, Number of rooms, Total floor
Housing
area, Home ownership, Housing format,
Survey information
Double sash windows
items
Equipment Number of possessions, Production year,
possession Size, Type
Energy Electricity, gas, kerosene, gasoline, light oil
consumption (monthly/yearly)
Energy18 kind of behavior related to equipment use,
saving
bathing, cooking, etc.
behavior
Household
attributes
• Residential location
(prefecture)
• Climate zone
• City gas supply

53 million households
•
•
•
•

47 prefectures
Random sampling
(0.03%)

Detached house or not
Housing ownership
Age of housing
Total floor area

• Family size
• Householder’s age
• Sex, age & occupation
of each family member
• Number of children
• Age of the youngest
child
• Presence of 65-year-old
or older member

thus possible to analyze the relationships between energy
consumption and household characteristics. After the
simulation model is developed, it is applied to all
households in the CO2 statistics, and its accuracy is
evaluated by comparing simulation results with the
reported values of energy consumption. Finally, the
variance factors of energy consumption that are difficult
to consider in the simulation model are evaluated.

In this paper, we estimate the energy consumption of the
Japanese residential sector using the Total Residential
End-use Energy Simulation (TREES) model (Shimoda et
al., 2007) (Taniguchi et al., 2016).
Figure 1 shows the outline of the TREES model. In this
model, the total residential energy consumption of Japan
is calculated by aggregating the energy consumption of
individual households. The energy consumption of each
household is determined by climate conditions, housing
specifications, the number and specification of
appliances, and the behavior of household members.
These factors vary depending on household attributes.
This model consists of two portions, namely, a data
preparation model that calculates these determinants for
each household, and a residential sector energy end-use
model that estimates energy consumption based on the
estimated determinants.
In the data preparation model, first, 0.03% of the
households in each prefecture are randomly selected as
representative
households.
Each
representative
household is categorized according to demographics
such as the location, household size, and income, as well
as housing conditions including ownership, housing size,

Data preparation
models
Occupant behavior
schedule model

Building stock
transition
model

Logit models for
water heaters &
space heating
systems

Weather data
Plan of house

Preset air temperature
ON/OFF probability of
space heating & cooling

Space heating &
cooling energy-use
model
• Heat load
simulation
• Function of
operation COP of
RACs

Type of space heating system
Specification of space
heating & cooling system
Manufacture year of RAC
Bathtub filling frequency

Logit model for
bathtub filling
frequency

Appliance
energy-use model

Wattage of appliances

Specifications of
walls & windows

Logit models for
appliances

End-use energy
model

Behavior schedule of
each family member
Number of appliances owned

• Household income

16 thousand households

Data for an individual
household

Water heating
energy-use model

Quantity of hot water

• Function of city
water temperature

Preset temperature of
hot water

• Hot water demand
simulation

Type of water heater

• Sub models of each
type of water
heating system

Specification of water heater

Figure 1: Outline of the TREES model
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construction period, and housing type (detached house or
apartment). Each representative household is also
modeled as a combination of a household member with a
specific demographic attribute in terms of age, sex, and
employment/educational status. These conditions are
randomly calculated from the probability distributions
based on the population census (Statistics Bureau, 2015)
and the housing and land survey (Statistics Bureau,
2013). As shown in Table 2, there are six floor-area
categories for each of the two housing types, making up
a total of 12 types. The five models in the data
preparation model are explained below.
Data Preparation model
Occupant behavior schedule model
The occupant behavior schedule model (Yamaguchi et
al., 2015) generates a sequence of activities performed
by every occupant in the representative household at five
minute intervals. The activity sequence is stochastically
generated based on the modeling parameters developed
from the Japanese time-use survey (Statistics Bureau,
2006).
Building stock transition model
The building stock transition model (Taniguchi et al.,
2008) determines the building insulation level (no
insulation, 1980 standard, 1992 standard, or 1999
standard) for each representative household. A building
archetype is assigned to the representative household,
considering the four insulation levels and the building
classification listed in Table 2.
Logit models for appliance ownership
Logit models for appliances help determine the
household ownership and energy efficiencies of
refrigerators, TVs (Matoba et al., 2019), and room air
conditioners (RACs) (Yamasaki et al., 2019). For
example, the model for refrigerators consists of logit
models that estimate the probabilities of the number, size,
and manufacturing year of appliances, using household
attributes as explanatory variables. These parameters are
determined stochastically for each representative
household using the estimated probabilities, and
determine the energy efficiency according to the
manufacturer’s data (Agency for Natural Resources and
Energy, annually).
Logit models for water heaters and space heating
systems
The type of water heater and heating equipment is
determined based on logit models for water heaters and
space heating systems (Morikuni et al., 2019). These
models consist of various logit models that stochastically
determine whether a particular household is all-electric
or not, as well as the type of kitchen stove (IH/gas), the
type of water heater, and the type of space heating
system.
Logit model for bathtub filling frequency
The hot water use frequency for each household is
determined based on household attributes by using the

Logit model for bathtub filling frequency (TaniguchiMatsuoka et al., 2019). This model is applied to each
representative household. The bathtub filling frequency
is determined for each season and each household based
on its specific attributes.
End-use energy model
The household energy simulation is performed by the
following procedure. First, in the appliance energy-use
model, the equipment operation schedule is
stochastically determined based on the behavioral
schedule (the type of activity and location where the
activity is performed) and the equipment operation
probability. Next, the energy consumption of the
equipment is determined based on the operation schedule
and power consumption of the device.
In the space heating and cooling energy-use model, the
heating and cooling heat loads are determined by a
dynamic heat load calculation using the thermal network
method. This calculation considers the building floor
plan, specifications of walls/windows, meteorological
data, and set temperature as input conditions. Then,
based on the energy efficiency and operating method of
each heating or cooling device, the energy consumption
to process the heating or cooling load is determined. In
the water heating energy-use model, the hot water supply
heat demand is calculated based on the hot water
temperature expressed as a function of the activity
schedule, the hot water usage by the performed action,
the set temperature, and the daily outside air temperature.
Next, the hot water energy consumption is determined
based on the energy efficiency and operating
specifications of each water heater.
Table 2: Building categories
Building type

Apartment

Detached house

2

Total floor area

<20 m
20–40 m2
40–60 m2
2

60–80 m
80–100 m2
≥100 m2

Residential sector
estimation results

energy

2

<40 m
40–60 m2
60–80 m2
2

80–100 m
100–120 m2
≥120 m2

consumption

In this section, the TREES model results are analyzed to
identify the factors that cause differences in energy
consumption among households.
Breakdown of energy consumption
Figure 2 shows the estimated results for 403
representative households in the Kansai region, in
descending order from the household with the largest
annual primary energy consumption. The 403
households selected were all four-member households.
Even though all 403 households have the same number
of household members and climate conditions (same
region), both of which have a large impact on household
energy consumption, there is a huge difference between
households. In particular, the highest-consuming
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households consume about four times as much energy as
the lowest-consuming households. To investigate the
characteristics of households with high energy
consumption, households were grouped based on energy
consumption in descending order, as shown in Table 3.
Figure 3 shows the mean household energy consumption
for each group. As shown in Figure 3, Group A has
higher energy consumption in every category compared
to the other households; the hot water supply
consumption in particular is high. This is due to the use
of inefficient electric resistance water heaters. Group B,
which has the second-highest energy consumption, has a
slight difference from Group A in the energy
consumption categories other than hot water supply.
Therefore, Group B consists of households with high
annual primary energy consumption due to the
household electric appliance ownership and usage
characteristics. In Group C, the energy consumption was
low in all categories.
Table 3: Households grouped by annual energy
consumption

TVs owned by each group. About 70% of the
households in Group C have fewer than two TVs, while
in Groups A and B, nearly half of the households have
three or more TVs. Also, in Groups A and B, more than
20% of the households have two refrigerators. Since
refrigerators operate continuously and consume large
amounts of electricity, it is assumed that the possession
of multiple refrigerators has a large impact on total
energy consumption. From the estimation results, the
nationwide annual total power consumption of second
refrigerators (second most frequently used refrigerators)
is 45.3 PJ, which is 1.5% of the total Japanese residential
energy consumption.
From the above, it is concluded that the number of
household appliances is one of the factors contributing to
high energy consumption. Therefore, it is important to
limit the number of household appliances to reduce CO2
emissions (Grubler et al., 2018).
B

A

Annual primary energy cunsumption[GJ]

Refrigerator
180
160
140

TV

Group A

Group B

Group C

Top 45
households

Top 91-135
households

Lowest 45
households

A

Heating and Cooling

2%

Appliance

Lighting

Kitchen

HotWater

Ⓑ

Ⓒ

2

27%

84%

76%

B

C
2% 0%

9%

48%

7%

11%

16%

27%
3

33%

33%

1
2

22%

49%

120

4
5

100

Figure 4: Number of appliances in each group
(top: refrigerator, bottom: TV)

80
60
40
20
1
20
39
58
77
96
115
134
153
172
191
210
229
248
267
286
305
324
343
362
381
400

0

House ID

Figure 2: Breakdown of annual primary energy
consumption

Annual primary energy
cunsumption[GJ/house]

1

73%

14%

Ⓐ

16%

24%

27%

Energy Consumption

C

50
45
40
35
30
25
20
15
10
5
0

A group

B group

C group

Figure 3: Mean household energy consumption in each
group
Impact of the number of home appliances
In Japan, refrigerators and TVs account for a large
proportion of the energy consumption from home
appliances. Figure 4 shows the ratio of refrigerators and

Common attributes of high-consumption households
Figure 3 shows that there are differences between Group
B and Group C not only in TV and refrigerator energy
consumption, which is modeled in this paper, but also in
other energy use. This means the household attributes
that affect energy consumption are common across most
energy-use categories. Figure 5 shows the ratio of the
number of households grouped by the age of the head of
the household, the presence of elderly residents, and the
total floor area of the house. Figure 5 shows that Group
A and Group B have more elderly residents and larger
houses compared to Group C. In particular, the
differences in lighting and heating/cooling energy
consumption are due to the presence of household
members who spend more time at home, such as the
elderly. Even though the households have the same
family size, many households in Group C live in rental
apartments and are, for example, young couples with
two preschool-aged children. This also results in the
lower consumption of Group C households, due to fewer
activities in different rooms compared to Group A and
Group B.
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21~30

A

31~40

B

41~50

C

61~70

51~60
71~

A

0%

20%

40%

60%

80%

100%
None

B

Exist

C

A

0%

20%

40%

60%

80%

100%

0%

20%

40%

60%

80%

100%

B

C

~20m²
20m²
40m²
60m²
80m²
100m²
120m²
150m²
200m²~

Figure 5: Household attributes of each group
(top: the age of the head of the household, middle:
presence of elderly residents, bottom: total floor area)

Comparison between simulation results and
household CO2 statistics
In this section, the TREES model that was described in
the previous section is used to calculate energy
consumption patterns from the attributes of each
household in the household CO2 statistics. Then, the
results are compared with the actual energy consumption
reported in the reported statistics. From these results, the
reproduction accuracy of the variation in household
energy consumption by the factors considered in the
TREES model was investigated.
Simulation conditions
As shown in Figure 1, first, the TREES model creates a
set of input data for an individual household using the
data preparation models based on the household
attributes. On the other hand, the household CO2
statistics in Table 1 include information such as the
attributes of each household, home appliance ownership,
and heating and water heater types. In this study, the
Table 4: TREES model input values
Aspects or
equipment
TV
Refrigerator
Stove and
water heater
Heating
equipment
Other home
appliances

TREES model input value
Status of ownership (number, size, year
of manufacture, type) from Household
CO2 Statistics
Equipment type from Household CO2
Statistics
Equipment type from Household CO2
Statistics
Estimated by Equipment Stock Model
(Shimoda et al., 2020)

Air conditioner Estimated by Air Conditioner model
(Yamasaki et al., 2019)
Estimated by Building Stock Transition
Insulation level
Model (Taniguchi et al., 2008)
Bathtub filling Estimated by Bathtub Filling Frequency
frequency
Model (Taniguchi-Matsuoka et al., 2019)

TREES model and the household CO2 statistics were
used to reproduce the energy consumption patterns of
the individual households that are recorded in household
CO2 statistical survey. The procedure is described below,
and Table 4 shows the input conditions of the TREES
model.
Attributes surveyed in the CO2 statistics, as shown in
Table 4, were used as input conditions for the simulation.
The input conditions not investigated in the household
CO2 statistics were created by the Data Preparation
model of TREES, as shown in Table 4.
In this study, from the 11,632 households in the
household CO2 statistics, households that answered
"don't know" or did not answer any of the survey
questions related to the household attributes or aspects in
Table 4 were excluded from the estimation. In the
TREES model, wood-based stoves, central heating
systems, solar water heaters, and so on were not
considered. Thus, the households with these appliances
or systems were also excluded from the estimation.
Although the photovoltaic system (PV) can be
considered in the model, and the household CO2
statistics investigated the amount of power generated and
purchased, the exact amount of self-consumption was
not specified. Therefore, households with PVs were also
excluded from the estimation. From the above, the
number of households used in the estimation in this
study was reduced to 4,023.
Reproducibility of energy consumption variation
To evaluate the reproducibility of energy consumption
variations among households, the simulated results and
reported values in the statistics were compared for the
distribution of annual secondary energy consumption, as
is shown in Figure 6. The simulation results show that
the number of households with energy consumption of
40 GJ or less is higher than the surveyed values.
Therefore, the mean estimated value is slightly smaller
than the corresponding reported value. One of the
reasons for this is that households with extremely high
energy consumption cannot be reproduced with the
TREES model because the household CO2 statistics
include energy consumption outside the residential
sector such as energy consumption for snow melting and
agriculture. Therefore, from the results shown in Figure
6, it is concluded that the TREES model can represent
the variation in the overall consumption amounts with
high accuracy.
Furthermore, to confirm that the estimation by this
model can represent the energy consumption structure of
each household, Figure 7 shows the estimated results and
the reported values in the form of a scatter plot. The
error rate, calculated by Eq. (2), is used as an indicator
of the difference, and Figure 8 shows the distribution of
households in each error rate range. As shown in Figure
8, some households are overestimated or underestimated,
with an error rate of more than ±50%, and the overall
result is somewhat underestimated. However, since
about 80% of households’ error rates are within ±50%,
the results show good agreement. Therefore, by using
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the TREES model, the energy consumption for a general
household can be estimated with high accuracy.
𝐸𝑟𝑟𝑜𝑟 𝑟𝑎𝑡𝑒[％] =

a−b
b

× 100 (2)

a: Estimated value of energy consumption by TREES
b: Energy consumption according to the reported
statistics
1200

Number of households

Simulation

Statistics

1000

Simulation Statistics

800

mean
standard
standard
deviation
deviation

600
400

36.3

39.4

17.2

20.5

200
0

Annual secondary energy consumption [GJ]

Figure 6: Distribution of annual secondary energy
consumption
100

From the comparison between the estimated results and
the reported statistics, the results show good agreement.
However, some households have a large error. By
examining this error, it is possible to identify the error of
the TREES model itself and the unreasonable energy use
that cannot be modeled by the simulation model. In this
section, the following hypotheses regarding error factors
were examined.
Underestimation of fuel combustion equipment
Compared to other regions, cold regions such as
Hokkaido mostly use fuel-based (oil/gas) heating
equipment with higher set temperatures. Households
with minimal insulation and inefficient fuel-based
heating systems cannot be represented by the TREES
model, which may cause underestimation. Figure 9
shows the energy source ratios by error rate for the
heating appliances and water heating appliances
estimated in TREES. Contrary to the hypotheses, the
results in Figure 9 only show that the electric heating
appliances tend to be on the underestimation side, but
there is no distinct relationship between the error rate
and the energy source of the appliance. Therefore, the
kind of equipment used for heating and hot water supply
is not a major factor in the estimation error.
100%
90%

Households

Statistics [GJ]

80%

10

70%
60%
50%

Oil

40%

Gas

30%
Electricity

20%
10%
90%

100%

70%

80%

40%

50%

60%

20%

30%

0%

10%

-10%

-30%

-20%

-50%

-40%

-70%

-60%

-90%

-80%

-100%

0%

Error rate
100%

1
1

10

100

90%
80%

Figure 7: Scatter plot of the estimated values and the
reported statistics
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70%
60%
Oil

50%
40%

Gas

30%
Electricity

20%

600

10%

500

90%

100%

70%

80%

40%

50%

60%

20%

30%

10%

0%

-10%

-30%

-20%

-50%

-40%

-70%

-60%

-80%

300

-90%

0%

400

-100%

Number of households

700

Households

Simulation [GJ]

Error rate

200

Figure 9: Percentage of energy sources used, by error
rate (top: heating, bottom: hot water)
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80%

90%

60%

70%

40%

50%

20%

100%

Error rate

30%

0%

10%

-10%

-30%

-20%

-50%

-40%

-70%

-60%

-90%

-80%

-100%

0

Figure 8: Number of households for each error rate
category

Evaluation of error factors

Behavior of Residents
As shown in Table 5, all 4,023 households were grouped
according to the error rate. The α group are the
households where the energy consumption is
underestimated and the γ group is the opposite. The
household CO2 statistics surveyed not only the
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equipment possession but also equipment usage and
usage habits.
Here, Figure 10 shows the trends of the bathtub filling
frequency in winter [times/week], heating frequency,
and energy saving activity implementation rate (ratio of
how many activities are implemented from all 18
activities) by error rate group.
From Figure 10, assuming that the households in the β
group are average households, the underestimated α
group has a high bathtub filling frequency per week, a
long heating time, and the energy conservation activity
implementation rate is low. Therefore, the α group
households consume more energy than expected. On the
other hand, the overestimated γ group tends to have less
energy consumption behavior and higher energy
conservation awareness. In the TREES simulation, the
bath filling frequency for one week is determined
probabilistically by the bathtub filling frequency model.
So, the households that were out of the expectation due
to the influence of random numbers were concentrated in
the α and γ groups. However, households who frequently
fill the bathtub also consume a lot of energy for heating
and other activities. Thus, high-consuming households
tend to take many actions that generally increase energy
consumption and are not only due to differences in
household attributes. Therefore, the error of each
household that could not be estimated by the TREES
model was due to the difference in energy consumption
behavior of household members, which is difficult to
predict.
Table 5 Households grouped by error rate
α (Underestimation) β (Error small) γ (Overestimation)
Error rate

-50% or less

Within ±50%

+50% or more

Households

212

3283

528

α
0 days

β

γ

2 days
1 day
3 days
4 days
5 days
6 days
7 days

1日

6日

6

Almost none

6

24hours
Only
when it's
cold
Whenever in
the room
100% 10% 20%
90%
30% 40%
80%
70%

0.4

1

50%
60%

Figure 10: Differences in behavior by group
(top: bath filling frequency, middle: heating,
bottom: energy conservation action implementation rate)

Home appliances that were not included
Table 6 shows household appliances that were not
considered in TREES, despite being included in the
household CO2 statistics. According to the household
CO2 statistics, the ownership rate of humidifiers,
dehumidifiers, air purifiers, and bathroom dryers was
low at 20-30%. However, bathroom dryers – for which
power consumption varies from 680 to 1250 W
depending on the operating conditions – has a total
power consumption as large as hairdryers. Also,
dehumidifiers and air purifiers may operate for extended
periods of time. Furthermore, even though the power
consumption of Internet routers and smartphone
charging devices is small, the ownership rate of such
devices has been increasing in recent years. Therefore, if
the power consumption of devices that have not been
included is integrated, it may cause a distinct error. Thus,
it is necessary to further investigate and study the
possession status and usage time of these appliances.
Table 6: Excluded home appliances
Type

Appliance name

Housing
equipment
Household
appliances

Dish dryer (drying function
only)
Bathroom dryer, air purifier,
humidifier, dehumidifier
Internet router, charging
Digital equipment
equipment
Cooking
Gas oven, water server
equipment

Summary
In this study, the energy consumption structure in the
household sector was reproduced for each household by
combining an energy end-use model – TREES – and a
CO2 statistical survey. By comparing the energy
simulation results with the reported statistics, we verified
the accuracy of the TREES model and evaluated the
energy variance factors that are difficult to express with
the model. The findings obtained in this study are
summarized below.
1. High-consumption households consume more
energy in each category, and in particular, the hot
water demand from electric water heaters highly
affects the overall demand. Additionally, the
number of household appliances owned strongly
affects the categorization of a household as highconsumption. Thus, limiting the number of
household appliances is considered to be effective in
reducing CO2 emissions.
2. From the evaluation of the relationship between
household appliances energy consumption and
household characteristics, it was found that there are
some common characteristics of high-consumption
households such as presence of elderly residents.
3. By using the information in the household CO2
statistics as the input of the TREES model, it is
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4.

5.

possible to reproduce each household’s energy
consumption pattern with high accuracy.
The main error factor between the energy
consumption estimation result and the statistical
value was due to the differences in residents’ habits
and behaviors. The underestimated group tended to
have higher-energy consuming behavior and a lower
awareness of energy saving. The opposite trend
appeared in the overestimated group.
Even in households with the same household
attributes, the CO2 reduction potential differs
depending on the energy-saving attitude and habits
of the household members. These factors need to be
taken into consideration when formulating a CO2
reduction target plan, as well as when evaluating the
progress and accuracy of an implemented plan.
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