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DESCRIPTION

Title of Invention
LIVING ACTIVITY ESTIMATION SYSTEM, LIVING ACTIVITY

ESTIMATION DEVICE, LIVING ACTIVITY ESTIMATION PROGRAM, AND

RECORDING MEDIUM

Technical Field
[0001]

The present invention relates to a living activity
estimation system, a living activity estimation device, a
living activity estimation program, and a recording medium
suitable for easy introduction of an EoD system in
consideration of living activities of a user without
impairing guality of life (hereinafter, referred to as

“QoL”) needed by the user through the daily life.

Background Art

[0002]

Conventionally, an on-demand power control system for
realizing energy management of a household or an office is
known. This system attempts to make a complete change to
switch a supplier-led “push type” power network to a
user/consumer-led “pull-type” power network.

This system allows a home server to know “which
demand from a device is the most important” by analogy

according to a use form of the user, in response to power
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demands of appliances that are various household appliance
products in a household, for example, demands of an air
conditioner or lighting, and performs control to supply the
power to an important appliance having the highest priority,
that is, performs energy-on-demand control (hereinafter,
referred to as “EoD control”). Hereinafter, this system is
referred to as “EoD control system”. This EoD control
system is proposed by Professor Takashi MATSUYAMA of Kyoto
University.

The greatest benefit of use of the system is that
energy saving and CO, emissions reduction can be realized
from a demand side. For example, this system enables a
user~led scheme to allow only the power cut by 20% to flow
by the EoD control when a user sets an instruction to cut
an appliance rate by 20% to the home server in advance, and
can realize the energy saving and CO; emissions reduction.
[0003]

Meanwhile, a home energy management system (HEMS)
that is a management technique of appliances is known.

This HEMS performs automatic control, setting control rules
of the appliances, such as to automatically stop the
operation when an outdoor temperature is low in the case of
an air conditioner. This system achieves the energy saving
by optimizing the use method of the appliances, and is
based on the use method of the appliances.

Because of focusing on the use method of the

appliances, the conventional HEMS does not consider that
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how much power can be reduced by change of a use method of
each appliance, and also cannot guarantee a power reduction
rate that can satisfy requested electricity saving.

[0004]

As Patent Literature related to the EoD control, an
“Yon-demand power control system” described below is known
{see Patent Literature 1).

This on~demand power control system is an on-demand
power control system that includes a commercial power
source, a plurality of appliances, smart taps connected to
the appliances, a dynamic priority control device including
a memory and performing supply control of power to the
appliances, and a network to which the dynamic priority
control device is connected through the smart taps, wherein
the dynamic priority control device allocates a difference
between instantaneous power of an initial desired value and
actual instantaneous power to subsequent instantaneous
power of the initial desired value to calculate an updated
initial desired value, compares the updated initial desired
value with maximum instantaneous power, when the updated
initial desired value is smaller, updates the subsequent
instantaneous power of the initial desired value as the
updated initial desired value, and when the updated initial
desired value is larger, updates the instantaneous power of
the initial desired value as the maximum instantaneous
power, thereby to set the updated initial desired wvalue.

Following that, at timing when having received a power
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demand message from the smart tap, the dynamic priority
control device calculates an electric power consumption
total value of an appliance that has transmitted the power
demand message and an appliance in operation, calculates a
priority between the both appliances, based on appliance
characteristic class data, which is classified according to
characteristics of power supply methods with respect to the
appliances, compares the electric power consumption total
value with the updated initial desired value, when the
electric power consumption total value is smaller, supplies
the power to the appliance that has transmitted the power
demand message, when the electric power consumption total
value is larger, calls the priority from the memory and
selects an appliance having a minimum value of the priority,
determines whether the appliance falls into any of the
characteristics by reference to the appliance
characteristic class data, and performs mediation, based on
the priority between the appliances according to the
appropriate characteristic of the appliance.

Accordingly, the priority between appliances can be
changed according to an appliance needed by the user
through daily life, and a use state of the appliance.
Therefore, there is an advantage to be able to use a
necessary appliance at necessary timing.

Further, the on-demand power control system has a
characteristic of a power management technique. Therefore,

the appliances are classified based on a power adjustment
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method, and power mediation means that guarantees an upper
limit of the electric power consumption is introduced,
thereby to guarantee an electricity saving rate and a peak
reduction rate. Therefore, if the on-demand power control
system is used instead of conventional HEMS, there is an
advantage of coping with a problem of the current tight

supply-demand balance.

Citation List
Patent Literature
[0005]

Patent Literature 1: W02013/008934 Al

Summary of Invention
Technical Problem

[0006]

As described above, the “on~demand power control
system” disclosed in Patent Literature 1 can change the
priority between the appliances according to the use states
of the appliances. Therefore, a necessary appliance can be
used at necessary timing. In addition, by introducing the
power mediation means that guarantees the upper limit of
the electric power consumption, the “on-demand power
control system” can guarantee the electricity saving rate
and the peak reduction rate, and can cope with the problem
of the current tight supply-demand balance.

However, the “on-demand power control system”
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disclosed in Patent Literature 1 knows an electricity
saving effect only after the user introduces and uses the
system. Therefore, there is a problem that the electricity
saving effect cannot be obtained prior to the introduction
of the system.

In addition, there is a problem that the introduction
of the system in consideration of living activities of the
user is difficult.

[0007]

Therefore, it is desired to estimate living
activities from electric power consumption of appliances,
to verify an effect in advance by simulating the electric
power consumption of the appliances, and to make
introduction of the EoD system easy in consideration of
personal living activities.

The present invention has been made in view of the
foregoing, and an objective is to provide a living activity
estimation system, a living activity estimation device, a
living activity estimation program, and a recording medium
that enables easy introduction of the EoD system in

consideration of personal living activities.

Solution to Problem

[0008]

In order to solve the above problems, there is
provided a living activity estimation system including: at

least one appliance installed in a predetermined space; a



10

15

20

25

smart tap configured to supply electric power to the
appliance; a living activity estimation device configured
to estimate an event concerning the appliance, of living
activities of a consumer in the space; and a network
configured to connect the appliance and the living activity
estimation device through the smart tap, wherein the living
activity estimation device including appliance use state
estimation means configured to estimate a use state of the
appliance, based on an electric power value received from
the appliance, event information detection means configured
to detect event information in the space, based on the use
state of the appliance at a certain point of time and the
use state of the appliance at a previous point of time of
the certain point of time, first weight acquisition means
configured to acquire a first weight of each living
activity by the event information, the first weight
indicating relationship between change of the use state of
the appliance and the living activity, from a first
appliance function model table that holds the first weight,
based on an elapsed time from a point of time of occurrence
of the event, second weight acquisition means configured to
acguire a second weight of each living actiyity, the second
weight indicating relationship between the use state of the
appliance and the living activity, from a second appliance
function model table that holds the second weight, based on
the use state of the appliance, appliance weight

multiplication means configured to calculate, based on a
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product that is a multiplication of the first weight and
the second weight, a sum of the products for each appliance,
and living activity estimation means configured to estimate
a living activity in which the sum of the prdducts of each
appliance becomes a maximum value, as an actual living

activity of the consumer.

Advantageous Effects of Invention
[0009]

According to the present invention, a living activity
estimation device estimates a use state of an appliance,
based on a power value received from the appliance, and
detects event information in a space, based on the use
state of the appliance at a certain point of time and the
use state of the appliance at a point of time prior to the
certain point of time. Then, the living activity
estimation device acquires a first weight of each living
activity according to the evenﬁ information, from a first
appliance function model table that holds the first weight
indicating relationship between change of the use state of
the appliance and the living activity, based on an elapsed
time from a point of time of occurrence of the event, and
acquires a second weight of each living activity from a
second appliance function model table that holds the second
weight indicating relationship between the use state of the
appliance and the living activity, based on the use state

of the appliance. Then, based on a product of a

8
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multiplication of the first weight and the second weight,
the living activity estimation device calculates a sum of
the products for each appliance, and estimates a living
activity in which the sum of the products of each appliance
becomes a maximum value, as an actual living activity of a
consumer. Thereby, the living activity estimation device
can estimate the living activities from the electric power
consumption of the appliance, whereby the EoD system can be
easily introduced in consideration of personal living

activities.

Brief Description of Drawings
[0010]

Fig. 1 is a schematic diagram illustrating a
configuration of a communication network of an EoD control
system to which a living activity estimation device
according to a first embodiment of the present invention is
adaptable.

Fig. 2 is a schematic diagram illustrating a
configuration of a power system network of the EoD control
system 50 illustrated in Fig. 1.

Fig. 3 is an explanatory diagram describing
arrangement positions from STs connected to the receptacles
in a household to the devices.

Fig. 4 is an explanatory diagram for describing
connection relationship among the receptacle connected to a

commercial power source and arranged on a wall, a smart tap
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11, and the device.

Fig. 5 is a floor plan illustrating a floor plan of a
model house used in examples of information processing of
the EoD control system and demonstration experiments
described below.

Fig. 6 is a graph illustrating electric power
consumption used by devices in a house.

Fig. 7 is a graph illustrating electric power
consumption that is integration of electric power

consumption used by appliances.

Fig. 8 is a diagram illustrating an outline of a life
model for describing a principle of the present invention.

Fig. 9 is a diagram illustrating a processing outline
in the principle of the present invention.

Fig. 10 is a diagram for describing a living activity
model in the principle of the present invention.

Fig. 11(a) is a diagram illustrating survey details
of a conventional questionnaire, and Fig. 1l(b) is a
diagram illustrating items of a questionnaire employed in
the present embodiment.

Fig. 12 is a diagram for describing an electric power
pattern of appliances.

Fig. 13 is a diagram for describing a method of
acquiring a personal model.

Fig. 14 is a diagram for describing an appliance
function model.

Fig. 15 is a block diagram for describing a

10
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configuration of a living activity estimation device 1
according to a first embodiment of the present invention.

Fig. 16 is a flowchart (part 1) for describing an
operation of the living activity estimation device 1
according to the first embodiment of the present invention.

Fig. 17 is a diagram for describing a configuration
of an appliance function model table (1).

Fig. 18 is a diagram for describing a configuration
of an appliance function model table (2).

Fig. 19 is a diagram illustrating an outline of
living activity estimation processing with the appliance
function model table.

Fig. 20 is a block diagram for describing a
configuration of the living activity estimation device 1
according to the first embodiment of the present invention.

Fig. 21 is a flowchart (part 2) for describing an
operation of the living activity estimation device 1
according to the first embodiment of the present invention.

Fig. 22 is a diagram illustrating state transitions
of the appliances.

Figs. 23(a) and 23 (b) are diagrams for describing
configurations of appliance use state transition
probability tables.

Figs. 24(a) and 24 (b) are diagrams for describing
configurations of use state persistence length probability

tables.

Figs. 25{(a) and 25(b) are diagrams for describing

11
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configurations of appliance use frequency tables.

Figs. 26/(a)

to 26(d) are diagrams for describing

configurations of the appliance use frequency tables.

Fig. 27 is a diagram illustrating a result example of

living activity estimation processing.

Fig. 28 is a diagram illustrating a result example of

the living activity estimation processing.

Fig. 29
describing an
Fig. 30
appliance use
Fig. 31

configuration

is a processing outline diagram for

electric power consumption simulation.

is an outline diagram for describing an

model.

is a block diagram for describing a

of a living activity estimation device

according to a second embodiment of the present invention.

Fig. 32 is a flowchart for describing an operation of

a living activity estimation device 1 according to the

second embodiment of the present invention.

Fig. 33
a simulation.
Fig. 34
a simulation.
Fig. 35
a simulation.
Fig. 36
a simulation.
Fig. 37

configuration

is

is

is

is

is

of

a diagram

a diagram

a diagram

a diagram

illustrating a

illustrating a

illustrating a

illustrating a

result

result

result

result

a block diagram illustrating a

an LAPC model.
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Fig. 38 1is a schematic diagram illustrating an
example of flat {(small change) depiction.

Fig. 39 is a flowchart for generating an electric
power consumption pattern in each time (second) for each
appliance by using the LAPC model.

Fig. 40 is a diagram illustrating to cut a period due
to termination of each appliance state.

Fig. 41 is a diagram illustrating dependent
relationship between two consecutive duration times.

Fig. 42 is a block diagram for describing a
configuration of a living activity estimation device
according to a third embodiment of the present invention.

Fig. 43 is a diagram illustrating probabilities based
on an appliance function and learned probabilities for
evaluating one day of a participant A.

Fig. 44 is a diagram illustrating a layout of the
house in which the appliances are arranged.

Figs. 45(a) to 45(c) are schematic diagrams
illustrating sequences of the living activities of one day
of the participant A.

Fig. 46 is a diagram illustrating recall, precision,
and F-measure about estimated living activities.

Figs. 47{a) to 47(c) are diagrams illustrating actual
and generated electric power consumption patterns of the

first day of the participant A.

13
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Description of Embodiments
[0011]

Hereinafter, embodiments of the present invention
will be described with reference to the drawings.

A configuration of a communication network of an EoD
control system adaptable to a living activity estimation
system according to an embodiment of the present invention
will be described with reference to Fig. 1.

Fig. 1 is a schematic diagram illustrating a
configuration of a communication network of an EoD control
system to which a living activity estimation device
according to a first embodiment of the present invention is
adaptable. An EoD control system 50 is installed in an
office or a household, and is configured from a living
activity estimation device 1, smart taps 11, appliances 20
(hereinafter, simply referred to as “devices”) that are
household or office appliance products, and a power control
device 30. The smart tap 11 (hereinafter, referred to as
“ST”) is connected to the living activity estimation device
1 through a local area network (LAN) by wire or a wireless
LAN. The LAN is an example of the present invention and is
not limited thereto. 1In the present invention, the living
activity estimation device 1 may be connected to the ST
through a network such as WiFi, PLC, ZigBee, or specified
low power radio. The LAN is connected to the ST through a
power receptacle of each device. Therefore, the ST can

communicate with the living activity estimation device 1

14
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through the LAN,
[0012]

The living activity estimation device 1 is a general
purpose server, and includes a CPU la. The living activity
estimation device 1 includes a memory 10 (hereinafter,
simply referred to as “memory”) in its inside, and the
memory is a semiconductor storage device such as a directly
readable/writable hard disk or RAM.

Electric power from a commercial power source is
supplied to the living activity estimation device 1 and
devices 20 through the power control device 30.

Note that an ordinary household will be described as
an installation place of the EoD control system 50.
However, the installation place is not limited thereto, and
any place may be employed as long as the ST can be
installed, such as an office. Further, an external ST that
is connected to the power receptacle will be described as
the ST of the EoD control system of the present invention.
However, the ST is not limited thereto, and a built-in ST
embedded in the power receptacle may be employed.

[0013]

Fig. 2 is a schematic diagram illustrating a
configuration of a power system network of the EoD control
system 50 illustrated in Fig. 1.

As described with reference to Fig. 1, the EoD
control system 50 includes the power control device 30, and

a commercial power source 32 is connected to the power

15
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control device 30. Further, the power control device 30 is
configured from a‘plurality of breakers (not illustrated),
for example, and includes one main breaker and a plurality
of sub breakers. The power (alternating current voltage)
from the commercial power source 32 is prov%ded~to a
primary side of the main breaker, and is distributed from a
secondary side of the main breaker to the plurality of sub
breakers. Note that the commercial power source 32 is
connected to the primary side of the main breaker through a
switch (not illustrated) for supplying/stopping a
commercial current. This switch is turned on/off by a
switch signal of the living activity estimation device.
[0014]

Further, the living activity estimation device 1 and
the plurality of devices 20 as described above are
connected to an output side of the power control device 30,
that is, secondary sides of the sub breakers. Although not
illustrated, the living activity estimation device 1 is
connected such that electric power from the power control
device 30 can be supplied by inserting an attachment plug
provided in its device into a wall socket or the like. For
the plurality of devices, the STs include input receptacles
as attachment plugs and output receptacles. The plurality
of devices is connected such that electric power of the
commercial power source 32 is sent from the input
receptacle, and can be supplied to the plurality of devices

through receptacles of the plurality of devices connected

16
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to the output receptacles.

As described above, in the EoD control system, not
only the power network illustrated in Fig. 2, but also the
communication network illustrated in Fig. 1 are constructed.
[0015]

Fig. 3 is an explanatory diagram describing
arrangement positions from the STs connected to the
receptacles in a household to the devices.

Referring to Fig. 3, a house 200 is configured from a
living room 200A, a Japanese-style room 200B, and western-
style rooms 200C and 200D, for example. The living room
200A and the Japanese-style room 200B are arranged on the
first floor, and the western-style rooms 200C and 200D are
arranged on the second floor. As illustrated in Fig. 3,
the STs are respectively connected to the receptacles
installed on walls. For example, five STs are connected to
the receptacles installed on the walls of the living room
2004, two STs are connected to the receptacles installed on
the walls of the Japanese-style room 200B, two STs are
connected to the receptacles installed on the walls of the
western-style room 200C, and two STs are connected to the
receptacles installed on the walls of the western-style
room 200D. As described above, all of the devices are
connected to a power source through the STs.

[001l6]
Fig. 4 is an explanatory diagram for describing

connection relationship among the receptacle connected to

17
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the commercial power source and arranged on the wall, the
smart tap 11, and the device. Referring to Fig. 4, a
refrigerator 201 as a device is configured from a
receptacle 202 including an attachment plug and wiring 203,
and the receptacle 202 of the refrigerator 201 is
attached/detached to/from an outlet receptacle 114 of the
ST. A receptacle 41 is arranged on a wall 40, and the
commercial electric power is supplied to an insertion port
411 of the receptacle 41 through an electric power system
in the household. An input receptacle 113 as an attachment
plug is attached/detached to/from the insertion port 411.
[0017]

Fig. 5 is a floor plan illustrating a floor plan of a
model house used in examples of information processing of
the EoD control system and demonstration experiments
thereof which will be described below.

The model house is a one-bedroom type house, and the
numbers illustrated in the drawing represent names of the
devices illustrated in Table 1 and places where switches of
the devices are installed. The STs illustrated in the
drawing represents places where the smart taps 11 are

arranged. The five STs are arranged.

18
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[0018]

[Table 1]

id | name id | name id | name

1 | TV 12 | Bedroom light 30| Bathroom light and fan
2 | Air conditioner 13 | Kitchen light 1 40| Electric carpet
4 | Pot 15 | Corridor light 41 | Heater

5 | Coffee maker 16 | Wash-basin light 42 | Router

6 | Night stand 17 | Restroom light and fan | 43| Video

7 | Rice cooker 18 | Washlet 441 TH

8 | Refrigerator 20 | Air cleaner 45 | Battery charger
9 | Microwave 21 | Vacuum cleaner 46 | Notebook PC
10| Washing machine 22 | Dryer

11| Living room light and | 24 | Electric toothbrush

kitchen light 2

[0019]

As for a structure of the ST, as described above, the
ST is configured from a voltage/current sensor, a
semiconductor relay, a ZigBee module, and a microcomputer
that performs overall control and internal processing. The
microcomputer calculates electric power consumption from
current/voltage waveforms measured by the voltage/current
sensor, and identifies an appliance from a few
characteristic amounts that indicate characteristics of the
voltage/current waveforms. Data received by the EoD
control system are two data, which are electric power
consumption and a power demand message. The electric power
consumption is calculated by the ST at 0.5-second intervals
using the microcomputer, held in a memory provided inside
the smart tap as data of each period (once/60 seconds), and
divided into a plurality of packets and transmitted to a
server. The power demand message 1s transmitted from the

ST when each device 20 requests the electric power.
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Although not illustrated, the living activity
estimation device 1 includes a memory of a program storage
region and a data storage region. In the program storage
region, programs such as a communication processing program
and a living activity estimation program are stored. 1In
the data storage region, device characteristic class data,
message data, and the like are stored.

[0020]

Fig. 6 is a diagram illustrating a graph of the
electric power consumption used by devices in a house.

In Fig. 6, the vertical axis represents the electric
power (W), and the horizontal axis represents time. The
graph indicates the electric power consumption consumed at
10-minute intervals in one day. Up to now, the electric
power has been called electric power consumption. However,
the electric power has a different meaning from general
“electric power consumption”. Therefore, hereinafter, a
defined term “instantaneous power” will be used. The
instantaneous power means electric power consumption that
is an average of total values obtained by adding up of the
electric power consumption at minimum control intervals T
(5 to 10 minutes).

From the graph, it can be seen that the electric
power i1s not used in daytime hours, and the electric power
is used in hours from 8 p.m. to 1 a.m., and value of the
instantaneous power during the hours is 1900W as high.

In Fig. 7, the vertical axis represents electric

20
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energy consumption (KWh), and the horizontal axis
represents time. The graph illustrates electric energy
consumption that is an integrated amount of the
instantaneous power at 10-minute intervals in one day, and
a value thereof is 10.0 KWh.

The electric energy consumption per month per
household in Japan is 300 KWh, and about 10.0 kWh per day.
It is shown that the electric energy consumption of Fig. 7
is the same as the electric energy consumption per month
per household. Up to now, the integrated amount of the
electric power has been called electric energy consumption.
However, the instantaneous power is used in a different
meaning from the general “electric power consumption”.
Therefore, the electric energy consumption has a different
meaning from the general meaning, and here;néfter, a
defined term called “integrated electric energy” will be
used hereinafter.

[0021]

An overall model for describing a principle of the
present invention will be described.

First, an overall model outline will be described
with reference to Fig. 8.

The living activity estimation device will be
described in detail in first and second embodiments.

[0022]
First, a processing outline diagram illustrated in

Fig. 9 will be described.

21
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Fig. 9 illustrates a schematic processing flow from
living activity estimation processing to electric power
consumption prediction processing, based on the electric
power consumption of the appliances.

In personal life, a living activity such as cooking
is performed.

In the first embodiment, a living activity estimation
device acquires an electric power consumption pattern of
the appliance used by a person (consumer) online in real
time, thereby to estimate a state system of the appliance
(an ON/OFF state, a strong/weak state, and the 1like), and
then to estimate an appliance more likely to be used next.

In the second embodiment, a living activity
estimation device generates an electric power consumption
pattern that indicates an electric power value, according
to probability distribution of a next use state, by using
gquestionnaire information for estimating living activities
of a consumer in a life space.

[0023]

Next, a living activity model will be described with
reference to Fig. 10.

In personal living activities, types of activities on
life, which are given meanings as personal awareness
include “cooking”, “washing”, “television/video watching”,
and the like, and temporal parameters such as “when” and
“how long” are attached thereto. Therefore, an i-th living
activity I;® is:

22
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TF — << I;, 55977, ££79F >
where the living activity names such as “cooking”,
“washing”, and “television/video watching” are living
activity labels 1lj, a start time is t;°**"%, and an end time
is £4%%¢,

[0024]

Next, the living activity model will be described
with reference to Figs. 11l(a) and 11l(b).

Fig. 11 (a) illustrates questionnaire survey details
about a people’s life time survey conducted by Japan
Broadcasting Corporation (NHK), and the survey also
includes items during going out, which are away from a
living environment.

In contrast, in the guestionnaire employed in the
present embodiment, as illustrated in Fig. 11(b), basic
personal activities in the living environment such as
“sleep”, “meal”, and “cooking” are employed as
guestionnaire items, and a case away from the living
environment is treated as going out.

[0025]

Next, an electric power pattern of an appliance will
be described with reference to Fig. 12.

In an electric power variation model of an appliance,
electric power data of the appliance is treated as a
plurality of discrete states, and is also treated as a

continuous time system because the appliance is

continuously used in a certain period.

23



10

15

20

25

To be specific, the electric power data is expressed
as time section <gi, 1i> obtained by adding a persistence
time 1 to an operation mode gi of a certain appliance.

<gi, Ti> - <gj, TI>
[002¢6]

Next, an appliance relationship model will be
described.

In the appliance relationship model that indicates
relationship between the personal living activities and an
appliance in real life, an appliance function model is
considered as typical characteristic expression. In the
appliance function model, such a prior knowledge as what
kind of living activity being related to a function of an
appliance i1s necessary. Therefore, recognition of personal
living activities is essential.

As an expression of personality, in an appliance use
model, an electric power pattern is generated, and an
appliance to be used is predicted by learning
correspondence between the personal living activities and
how to use the appliances, which characterizes the personal
living activities.

[0027]

Next, a method of acquiring a personal model (a table
other than the appliance function model) will be described
with reference to Fig. 13.

A use probability P of an appliance is defined as:

24
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P, — 112y

Here, Ua is defined as 1 when an appliance a is used, and
defined as 0 when the appliance a is not used. How
frequently the appliance a is used is expressed by the
probability, where the living activity label is 1.

[0028]

<First Embodiment>

A living activity estimation system according to a
first embodiment of the present invention will be described.

Next, the appliance function model illustrated in Fig.
14 will be described.

The appliance function model indicates how an
appliance can be used with respect to the personal living
activities, which is determined according to functionality
of the appliance. Assume that the appliance function model
is held as the prior knowledge.

Here, probabilities Py are:
Fo(ZlaFDd
FPo(llg5— aF)

where a living activity label set 1, an appliance set a,

and an appliance state set g® are respectively:

1= {Z1,---In; }
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a={a,---am} ..

a® = {q%,---a%.}

The appliance function model indicates, as
illustrated in Fig. 14, which living activity is performed
when which appliance is in an operation state in the
personal life. For example, a television is turned ON, the
probability of hobby/entertainment television becomes 1,
the probability of rest becomes 0.5, the probability of
cooking becomes 0.5, the probability of cleaning becomes
0.5, and the like.

[0029]

Next, the appliance use model will be described.
A use probability P of an appliance in the appliance

use model 1s defined as:
jF’(:lZ?;z om— ]LlaI:).

Here, Ua is defined as 1 when the appliance a is used, and
defined as 0 when the appliance a is not used. How
frequently the appliance a is used is expressed by the use
probability P, where the living activity label is 1.
Meanwhile, contribution C (all;) of an appliance
indicates how much the appliance a 1is distinctive for a

personal living activity, and is expressed by:
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Cl)=PU=1{l=15)/P(Ua = 1|l # I;)

[0030]

A configuration of the living activity estimation
device 1 according to the first embodiment of the present
invention will be described with reference to the function
block diagram illustrated in Fig. 15.

The living activity estimation device 1 is configured
from an appliance use state estimation unit 1b, a first
welght acguisition unit 1d, a second weight acquisition
unit le, an appliance weight multiplication unit 1£f, and a
living activity estimation unit 1lg, which are made of
software modules that are programs executed by the CPU la.
Each unit performs read/write of data using the memory 10
as a work area during operation.

Further, a database 12 is configured from an
appliance function model table (1) 12b and an appliance
function model table (2) 12c¢, which are stored on a hard
disk HDD, for example.

The appliance use state estimation unit lb estimates
a use state of each appliance, based on electric power
values received from a plurality of appliances through the
smart taps 11 and the network. The appliance event
information detection unit lc detects an event type (event
information) that indicates a living activity in the living

space, based on the use state of each current appliance and
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the use state of each appliance of a previous time.
[0031]

The first weight acquisiticon unit 1d calculates a
first weight of each living activity according to the event
type, based on the appliance function model table (1) 12b
that holds the first weight that indicates relationship
between change of the use state of the appliance and the
living activity, and an elapsed time from an event
occurrence time.

The second weight acguisition unit le acquires a
second weight of each living activity from the appliance
function model table (2) 12c¢ that holds the second weight
that indicates relationship between the use state of the
appliance and the living activity, based on the current use
state of each appliance.

The appliance weight multiplication unit 1f
calculates a sum of the products for each appliance, based
on the product that is a multiplication of the first weight
and the second weight. The living activity estimation unit
lg estimates a living activity having a maximum sum of the
products of each appliance, as an actual living activity of
the consumer.

[0032]

Next, an operation (part 1) of the living activity
estimation device 1 illustrated in Fig. 15 will be
described with reference to the flowchart illustrated in

Fig. 1lé6.
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First, at step 85, the appliance use state estimation
unit 1b receives the current electric power value from the
smart tap 11, and stores the received value in the memory
10.

Following that, at step S10, the appliance use state
estimation unit 1lb estimates (A) a use state g of the
appliance from the current electric power value, and stores
the estimated result in the memory 10.

Following that, at step S15, the appliance event
information detection unit lc determines whether the use
state g i1s different from a use state g’ of a previous time
read from the memory 10. When the use state g is different
from the use state g’ of the previous time, the appliance
event detection unit 1lc proceeds to step S520. Meanwhile,
when the use state g is the same as the use state g’ of the
previous time, the appliance event detection unit lc
proceeds to step S25.

Following that, at step S20, the appliance event
information detection unit lc detects use state change as
an event, and stores the type of the event e{g’ — g} and
an occurrence time et in the memory 10.

[0033]

Following that, a configuration of the appliance
function model table (1) will be described with reference
to Fig. 17.

The appliance function model table (1) 12b indicates

relationship between use state change of the appliance (for
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example, an input of a power source switch, and the like),
and the living activities. For example, the table
indicates the first weight “0” as no relationship, and the
first weight “1” as strong relationship.

To be specific, in the appliance function model table
(1) 12b, the appliance, the previous state — the next
state, and the living activities such as cooking, washing,
entertainment, an learning are written as items. For
example, when living room lighting is turned OFF —» ON, the
weight values of the living activities such as
entertainment and learning are set to 0.5. Meanwhile, when
the living room lighting is turned ON — OFF, the weight
value of the living activity of cooking 1s set to 0.5.

At step $25, the first weilght acquisition unit 1d
acquires the first weight pl(g’ — git, 1) of the living
activities according to the type of the event e from the
appliance function model table (1) 12b, based on the
elapsed time from the event occurrence time et, and stores
the acquired information in the memory 10.

To be specific, the first weight acquisition unit 1d
acquires the weight values of the living activities such as
cooking, washing, entertainment, and learning, as 0, 0, 0.5,
0.5, .., when the living room lighting is turned OFF — ON,
for example, based on the elapsed time from the event
occurrence time et, when the use state g 1s different from
the use state g’ of the previous time, and stores the

acquired values in the memory 10.
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[0034]

Following that, a configuration of the appliance
function model table (2) will be described‘with reference
to Fig. 18.

The appliance function model table (2) 12c¢ indicates
relationship between the use state (weak, middle, strong)
of the appliance and the living activities, and for example,
the table indicates the second weight “0” as no
relationship, and the second weight “1” as strong
relationship. As described above, the appliance function
model table (2) 12c¢ indicates which living activity is
performed when which appliance is in an operation use state
in the perscnal life.

To be specific, in the appliance function model table
(2) 12c, the appliance, the previous state — the next
state, and the living activities such as cooking, washing,
entertainment, and learning are written as items. For
example, the respective weights of when the living room
lighting is bright are set to 0.2 in the cooking, 0.2 in
the washing, 0.8 in the entertainment, and 0.8 in the
learning.

At step 3830, the second weight acquisition unit 1le
acquires the second weight p(gll) to each living activity
corresponding to the current use state g of the appliance
from the appliance function model table (2) 12c¢c, and stores
the acquired information in the memory 10.

To be specific, the second weight acquisition unit le
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acquires the weight values of the living activities such as
cooking, washing, entertainment, and learning, as 0.2, 0.2,
0.8, 0.8, .., when the living room lighting is bright, for
example, based on the current use state g of the appliénce,
and stores the acquired values in the memory 10.

[0035]

An outline diagram of the living activity estimation
processing with the appliance function model table 12b
illustrated in Fig. 19 will be described.

When recognizing a living activity, a probability
related to the living activity is estimated in a maximum
likelihood manner for each operation of an event appliance
from an appliance function model. For example, a time
width ©t from one to several minutes is provided, and a
weight p is provided to the appliance a in operation for
each living activity label 1 that falls within the time
width 1, a living aétivity having a maximum sum of the
welghts 1s identified as the living activity.

At step S$35, the appliance weight multiplication unit
1f calculates a sum W1l of the products with respect to the
living activity 1 for all of the appliances, based on the
product that is a multiplication of the first weight and
the second weight, by Wl=Ip(gll) x p(q’” — qglt,1l) and
stores the calculation result in the memory 10.

That is, the appliance weilght multiplication unit 1f
reads the second weight p(gll) to each the living

activities corresponding to the current use state g of the
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appliance acquired at step S30 from the memory 10. For
example, when the living room lighting is bright, the
appliance weight multiplication unit 1f reads the weight
values 0.2, 0.2, 0.8, 0.8, .. of the living activities such
as cooking, washing, entertainment, and learning, from the
memory 10.

[0036]

Following that, the appliance weight multiplication
unit 1f reads the first weight p(g’ = glt, 1) of the
living activities according to the type of the event e
calculated at step S25 from the memory 10. For example,
when the living room lighting is turned OFF — ON, the
weight values 0, 0, 0.5, 0.5, .. of the living activities
such as cooking, washing, entertainment, and learning are
read from the memory 10.

Following that, the appliance weight multiplication
unit 1f multiplies the first weight and the second weight
for each electric power device, calculates the sum Wl of
the products for each appliance, based on the obtained
product values, and stores the calculation result in the
memory 10.

To be specific, when the living room lighting is
turned OFF — ON, the first weights of the living
activities such as cooking, washing, entertainment, and
learning are 0, 0, 0.5, 0.5, .., respectively, and when the
living room lighting is bright, the second weights of the

living activities such as cooking, washing, entertainment,
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and learning are 0.2, 0.2, 0.8, 0.8, .., respectively.
Therefore, the product values of the living activities such
aé cooking, washing, entertainment, and learning multiplied
by the appliance weight multiplication unit 1f are 0, 0,
0.4, 0.4, .., respectively, with respect to the living room
lighting.

[0037]

Following that, the appliance weight multiplication
unit 1f also obtains the multiplication results about the
living activities such as cooking, washing, entertainment,
and learning, about the appliances such as a washing
machine, a television, and a dryer, similarly to the
multiplication about the living room lighting. To be
specific, assume that the multiplication results of the
washing machine are 0, 0, 0, 0, .., the multiplication
results of the television are 0, 0, 0.9, 0.2, .., and the
multiplication results of the dryer are 0, 0, 0, 0, .., for
example.

Following that, the appliance weight multiplication
unit 1f calculates the sum of the products of each living
activity, with respect to the products of each appliance.
To be specific, the sum values about the living activities
such as cooking, washing, entertainment, and learning are O,
0, 1.3, and 0.6, respectively.

[0038]
Following that, at step 5S40, the living activity

estimation unit 1g estimates the living activity label
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having the maximum sum W1l of the product wvalues of each
appliance, as a living activity label 1t of a time t, and

stores the estimated result in the memory 10.

lt=arg max W1

The appliance weight multiplication unit 1f estimates
the living activity having the maximum sum value, as the
actual living activity of the consumer. To be specific,
the sum values are 1.3 in the entertainment, 0.6 in the
learning, .. in descending order. Therefore, the appliance
weight multiplication unit 1f estimates the entertainment
as the actual living activity of the consumer.

[0039]

Following that, at step S$S45, the living activity
estimation unit lg advances the time (t = t + 1) where g’ =
g, returns to step S5, and repeats the processing
illustrated in steps S5 to S45.

As a result, the current living activity can be
estimated from the electric power values obtained from the

smart taps.

[0040]

According to the present invention, the living
activity estimation device 1 estimates a use state of an
appliance, based on a power value received from the
appliance, and detects event information in a space, based

on the use state of the appliance at a certain point of
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time and the use state of the appliance at a point of time
before the certain point of time. Then, the living
activity estimation device acquires a first weight of each
living activity according to the event information, from a
first appliance function model table that holds the first
weight indicating relationship between change of the use
state of the appliance and the living activity, based on an
elapsed time from a point of time of occurrence of an event,
and acguires a second weight of each living activity from a
second appliance function model table that holds the second
weight indicating relationship between the use state of the
appliance and the living activity, based on the use state
of the appliance. Then, the living activity estimation
device calculates a sum of the products for each appliance,
based on the product of multiplication of the first weight
and the second weight, and estimates a living activity
having a maximum value of the sum of the products of each
appliance as an actual living activity of a consumer.
Therefore, the living activity estimation device can
estimate the living activities from the electric power
consumption of the appliance, whereby the EoD system can be
easily introduced in consideration of personal living
activities.

[0041]

A configuration of the living activity estimation
device 1 according to the first embodiment of the present

invention will be described with reference to the function
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block diagram illustrated in Fig. 20.

The living activity estimation device 1 is configured
from an appliance use state estimation unit 1i, an
appliance event detection unit 1j, and a next use state
probability estimation unit 1k, which are made of software
modules that are programs executed by the CPU la, and each
unit performs read/write of data using the memory 10 as a
work area during the operation.

The appliance use state estimation unit 1i estimates
a use state of each appliance, based on electric power
values received from a plurality of appliances. The
appliance event detection unit 1j detects an event type
that indicates a living activity in the living space, based

rrent appliance and the use
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state of each appliance of a previous time.

The next use state probability estimation unit 1k
acquires a transition probability of the next use state
from an appliance use state transition probability table
that indicates a probability of transition of the use state
of the appliance to another use state, acquires a
transition probability corresponding to an elapsed time
after occurrence of an event from a use persistence length
probability table that indicates a time probability of
persistence of the use state, based on the transition
probability of the next use state, and calculates
probability distribution of an appliance to be operated in

the next use state, based on the transition probability
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corresponding to a next use state transition probability
and the elapsed time.

The next use state probability estimation unit 1k
acquires an application use frequency with respect to a
living activity label from an application use frequency
table that indicates a probability of using the appliance
for each living activity when the appliance is not being
used, and acquires initial use state distribution from the
appliance use state transition probability table that
indicates a probability of transition of the use state of
the appliance to another use state.

Further, the database 12 is configured from living
activities 12d, an appliance use state transition
probability table l2e, a use state persistence length
probability table 12f, and an appliance use frequency table
12g, which are stored on a hard disk HDD, for example.
(0042]

Next, an operation (part 2) of the living activity
estimation device 1 illustrated in Fig. 20 will be
described with reference to the flowchart illustrated in
Fig. 21.

First, in Fig. 22, how long and in which order the
appliance a 1is operated are indicated by a probability time
automaton. As illustrated in Fig. 22, in the probability
time automaton, a case is assumed, in which the appliance a
makes a transition among three use states of an off state,

a weak state, and a strong state, as time passes, for
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An operation pattern of the appliance in a time

section 1 in which the living activity label is 1 is

expressed by:

2 (z | strong.?)

5
with respect to the strong state.
[0043]
A state transition probability P is expressed by:
10
(a3, af)
[0044]
State persistence length distribution P is expressed
15  Dby:
2, a7
[0045]
20 Initial state distribution Ps is expressed by:

A ACA N

[0046]

First, at step S105, the appliance use state

25 estimation unit 1i receives the current electric power
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value from the smart tap 11, and stores the received value
in the memory 10.

Following that, atbstep 5110, the appliance use state
estimation unit 1i estimates (A) the use state g of the
appliance from the current electric power value and stores
the estimated value in the memory 10.

Following that, at step S115, the appliance event
detection unit 1j determines whether the appliance is
currently being used. Here, when the appliance is
currently being used, the appliance event detection unit 1j
proceeds to step 3120. Meanwhile, when the appliance is
not currently being used, the appliance event detection
unit 13 proceeds to step 35150.

Following that, at step S120, the appliance event
detection unit 1j determines whether the use state g is
different from the use state g’ of the previous time read
from the memory 10. When the use state g is different from
the use state g’ of the previous time, the appliance event
detection unit 1j proceeds to step S125. Meanwhile, when
the use state g is the same as the use state g’ of the
previous time, the appliance event detection unit 1j
proceeds to step S130.

At step S125, the appliance event detection unit 1j
detects the use state change as an event, and stores the
type of the event e{g’ — g} and the occurrence time et in
the memory 10.

[0047]
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Here, the appliance use state transition probability
table 12e will be described with reference to Figs. 23(a)
and 23(bj.

The appliance use state transition probability table
12e indicates a probability of transition of the use state
of the appliance to another use state. Fig. 23(a)
illustrates a state transition probability of lighting
provided in the living room, and, for example, a
probability of changing a previous use state “off” to the
next use state “weak” is “0.1”. Fig. 23(b) illustrates a
state transition probability of a vacuum cleaner.

Next, the use state persistence length probability
table 12f will be described with reference to Figs. 24 (a)
and 24(b).

The state persistence length probability table 12f
indicates a time probability of persistence of the use
state for each use state in each appliance. Fig. 24 (a)
illustrates distribution of a persistence length
probability of a “strong” mode of a vacuum cleaner. Fig.
24 (b) illustrates persistence length times in the “weak”,
“middle”, and “strong” modes of the state of the vacuum
cleaner.

Next, the appliance use frequency table 12g will be
described with reference to Figs. 25(a) and 25(b).

The appliance use frequency table 12g indicates a
probability of using an appliance in each living activity.

Fig. 25(a) illustrates that, while the use probability of
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IH indicates “0.67” only when the living activity is
“cooking”, the use probabilities of “television” shows that
the television has a high probability of being used in
“breakfast”, “lunch” “hobby or entertainment”, or the like.
[0048]

Following that, at step S130, the next use state
probability estimation unit 1k acquires a transition
probablility p(g’’' |g) of the next use state from the
appliance use state transition probability table 12e, based
on the type of the event, and stores the acquired
information in the memory 10.

Following that, at step S135, the next use state
probability estimation unit lk acquires a transition
probability p(tlg) corresponding to the elapsed time of the
occurrence of the event from the use state persistence
length probability table 12f, and stores the acquired
information in the memory 10.

Following that, at step S140, the next use state
probability estimation unit 1k multiplies the next use
state transition probability p(q’'’|lqg) and the transition
probability p{tlg), and calculates a product value, as
probability distribution Pg’’ = p(q’''lg) x p(tlqg) of the
next use state, and stores the calculation result in the
memory 10.

As a result, the probability of the appliance to be
operated next can be estimated as the probability

distribution Pg’’ of the next use state.
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[0049]

Following that, at step S145, the next use state
probability estimation unit 1k advances the time (t = t +
1) where g’ = g, returns to step S105, and repeats the
processing illustrated in steps S105 to $5155.

Meanwhile, when the appliance is not currently being
used, at step 5150, the next use state probability
estimation unit 1k acguires an appliance use freguency
p(all) with respect to the living activity label, from the
appliance use frequency table 12g, and stores the acquired
information in the memory 10.

Here, the appliance use frequency table 12g
illustrated in Figs. 26(a) to 26(d) will be described.

Figs. 26(a) to 26(d) are tables illustrating the use

[

probability P and contribution C of appliances. Fig. 26{a)
is a table illustrating the use probability of an IH cooker,
and only the use probability in “cooking” is effective. 1In
contrast, Fig. 26(b) is a table illustrating the use
probability of the television, and the use probability is
effective in “breakfast”, “lunch”, “personal care’”, and the
like.

Fig. 26(c) 1is a table illustrating the contribution
of the television, and the contribution is effective in the
items such as “breakfast”, “lunch”, and “personal care” and
the like.

Fig. 26(d) is a table illustrating the contribution

with respect to the cooking, and the contribution of

43



10

15

20

25

“kitchen”, “pot”, “microwave”, “IH cooker” and the like are

ranked high.

[0050]

Following that, at step S155, the next use state
probability estimation unit 1k acquires initial use state
distribution p(g’ |OFF) from the appliance use state
transition probability table 12e of the appliance a, and
stores the acquired information in the memory 10.

In the result example of the living activity
estimation processing illustrated in Fig. 27, specific
colors are provided and displayed corresponding to the
items such as “sleep”, “cooking”, and “washing”, in the
houses (for example, from 6 p.m. to 12 p.m. of next day) of
the personal living activities.

In the result example of the living activity
estimation processing illustrated in Fig. 28, specific
colors are provided and displayed in the hours of the
personal living activities.

[00513

As described above, the transition probability of the
next use state is acquired from the appliance use state
transition probability table that indicates the probability
of transition of a use state of an appliance, the
transition probability corresponding to the elapsed time
after occurrence of an event is acguired from the use state
persistence length probability table that indicates the

time probability of persistence of the next use state,
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based on the transition probability of the next use state.
Following that, the probability distribution of an
appliance to be operated in the next use state is
calculated based on the next use state transition
probability and the transition probability corresponding to
the elapsed time, whereby the EoD system can be easily
introduced in consideration of the personal living
activities.

When the appliance is not being used, the appliance
use frequency corresponding to the living activity label is
acquired from the appliance use frequency table that
indicates the probability of using the appliance for each
living activity. Following that, the initial use state
distribution is acquired from the appliance use state
transition probability table that indicates the probability
of transition of the use state of the appliance to another
use state. Accordingly, even when the appliance is not
being used, the initial use state distribution of the
appliance can be acquired, whereby the EoD system can be
easily introduced in consideration of the personal living
activities.

[0052]
<Second Embodiment>

A living activity estimation device 101 according to
a second embodiment of the present invention will be
described.

First, an electric power consumption simulation will
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be described with reference to the processing outline

diagram illustrated in Fig. 209.

In the present embodiment,

items in a living environment,

“cooking”, which are to serve
as illustrated in Fig. 11(b),
using a questionnaire,

activities (for example,

cooking)

activity hours about basic

such as “sleep”, “meal”, and
as labels used in processing

are collected from a person,

and data configured from living

and its hours is input

into the living activity estimation device 101 in a table

format like Excel (registered

Living activity labels at each timing,

guestionnaire information for

activities of a consumer in a

]

stored, and a use state of a

I

3
time and a previous use state
stored details. Then,

indicates the living activity

trademark) .

which indicate
estimating the living
predetermined space, are

appliance at certain point of

thereof are acquired from the

event type information that

in a living space is detected

based on the acguired use state and previous use state of

the appliance. Further,

use state i1s acqguired,

a transition probability of a next

and a transition probability

corresponding to an elapsed time after occurrence of the

event 1s acquired based on the transition probability of

the next use state.

use state is calculated based

Probability distribution of the next

on the next use state

transition probability and the transition probability

corresponding to the elapsed time,

and an electric power

consumption pattern that indicates an electric power value
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is generated according to the probability distribution of
the next use state.

Finally, the electric power‘consumption pattern is
generated. Therefore, eco-consulting can be provided to
the consumer who has written in the questionnaire.

[0053]

Next, an outline diagram of an appliance use model
illustrated in Fig. 30 will be described.

Characteristics of how to use personal appliances
with respect to the living activities will be learned.
(1) Recognize how frequently an appliance is used, a
frequently used appliance is important, and strength of
relationship between an appliance and a living activity.
(2) Recognize how to use an appliance, how long an
appliance is used, and the order of use states.

(3) Recognize what the procedure is, the order among a
plurality of appliances, and timing.
[0054]

First, the appliance use model will be used. Here,

(1) how freguently an appliance being used, a frequently

used appliance being important, and strength of

relationship between an appliance and a living activity are

recognized.

A use probability P of an appliance in the appliance

use model 1is defined as:

PP Ty —= AJED |
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Here, Ua is defined as 1 when an appliance a is used, and
defined as 0 when the appliance a is not used. How
frequently the appliance a is used 1s expressed as the use
probability P, where a living activity label is 1.
Meanwhile, contribution C (all;) of the appliance
indicates how much the appliance a is distinctive for the

personal living activities, and 1is expressed by:

C(all,) =P(Ua = 1|I = li)/P(Ua = 1| 5% £;) )

[0055]

Next, the appliance use model, which is a living
activity—appliance relationship model illustrated in Fig.
22, will’be described. Here, (2) how to use an appliance,
how long an appliance being used, and the order of use
states are recognized.

To recognize how long, in what order, an appliance is
used, a probability time automaton is suitable. In an
operation pattern of an appliance in a time section where
the living activity label is 1, a use state transition
probability P, use state persistence length distribution P,
and initial use state distribution Ps are respectively

expressed by:

CdFNE - 2T
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P(Till,q?), and

Fm LT 1 £
[0056]

Next, a personal model, which is a living activity-
appliance relationship model, will be described. Here, (3)
what the procedure is, the order among a plurality of
appliances, and timing are recocognized.

Co-occurrence characteristics between appliances are
obtained from a probability of appliances being
simultaneously used in a time section where the living
activities are 1, and a probability of one appliance being

used when the other has been used.

P, , Ug | 1) /(P (U, |2 + P(Ug | — P(Us;, UaylE))

In timing structures between appliances, ways to use
are synchronized 1if times of state transitions,
distribution of time differences of the state transitions
between the appliances, and the distribution are well

organized.

P(Zy(a@f— a2 — T:(@f — a%)|)

Note that, in the present embodiment, description of
(3) 1is omitted hereafter.
[0057]

A configuration of the living activity estimation
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device 101 according to the second embodiment of the
present invention will be described with reference to the
function block diagram illustrated in Fig. 31.

The living activity estimation device 101 is
configured from an appliance use state acquisition unit
10lm, an appliance event detection unit 10ln, a next use
state probability estimation unit 10lo, and an electric
power consumption pattern generation unit 10lp, which are
made of software modules that are programs executed by a
CPU 10la, and each unit performs read/write of data using a
memory 10 as a work area.

The appliance use state acguisition unit 101lm
acquires a use state at certain timing and a previous state
of an appliance from a living activity storage unit 12h
that stores the living activity label at each timing, the
living activity label indicating questionnaire information
for estimating a living activity of a consumer in a
predetermined space.

The appliance event detection unit 10ln detects event
type information that indicates a living activity in a
living space, based on the use state and the previous use
state of an appliance acquired by the appliance use state
acquisition unit 101lm.

The next use state probability estimation unit 10l1o
acquires a transition probability of a next use state from
an appliance use state transition probability table 12e

that indicates a probability of transition of the use state
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of the appliance to another use state. Following that, the
next state probability estimation unit 10lo acquires a
transition probability corresponding to an elapsed time
after occurrence of an event from a use state persistence
length probability table 12f that indicates a time
probability of persistence of the use state, based on the
transition probability of the next use state, and
calculates probability distribution of the next use state,
based on the next use state transition probability and the
transition probability corresponding to the elapsed time.

When the appliance is not being used, the next use
state probability estimation unit 10lo acguires an
appliance use frequency with respect to the living activity
label from an appliance use frequency table 12g that
indicates a probability of using the appliance in the
living activity. Following that, the next state
probability estimation unit 10lo acquires initial use state
distribution from the appliance use state transition
probability table 12e that indicates a probability of
transition of the use state of the appliance to another use
state.

The electric power consumption pattern generation
unit 10lp generates an electric power consumption pattern
that indicates an electric power value, according to the
probability distribution of the next use state.

Further, a database 12 is configured from the living

activity storage unit 12h, the appliance use state
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transition probability table l2e, the use state persistence
length probability table 12f, and the appliance use
frequency table 12g, which are stored on a hard disk HDD,
for example.

[0058]

Next, an operation of the living activity estimation
device 101 illustrated in Fig. 31 will be described with
reference to the flowchart illustrated in Fig. 32.

First, at step 5205, the appliance use state
acquisition unit 101lm acguires the living activity label at
a time t from the living activity storage unit 12h that
stores a gquestionnaire result, and stores the acquired
information in the memory 10.

Following that, at step $210, the appliance use state
acquisition unit 101lm acquires a current use state g and a
previous use state g’ of an appliance a from the memory 10,
and stores the acquires data in the memory 10.

Following that, at step S215, the appliance event
detection unit 101ln determines whether the appliance is
currently being used. Here, when the appliance is
currently being used, the appliance event detection unit
101ln proceeds to step $220. When the appliance is nbt
currently used, the appliance event detection unit 10I1n
proceeds to step S255.

[0059]
Following that, at step S220, the appliance event

detection unit 101n determines whether the use state is
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different from the use state g’ of the previous time read
from the memory 10. When the use state is different from
the use state g’ of the previous time, the appliance event
detection unit 101ln proceeds to step S225. When the use
state is the same as the use state g’ of the previous time,
the appliance event detection unit 101ln proceeds to step
$230.

Following that, at step 35225, the appliance event
detection unit 10ln employs use state change as an event,
and stores the type of the event e{g’ — g} and an
occurrence time et in the memory 10.

Following that, at step S230, the next use state
probability estimation unit 10lo acquires a transition
probability p(g’’ 1g) of a next use state from the appliance
use state transition probability table 12e, and stores the
acquired information in the memory 10.

[0060]

Following that, at step $235, the next use state
probability estimation unit 10lo acquires a transition
probability p(Tlqg) corresponding to an elapsed time from
the event occurrence, from the use state persistence length
probability table 12f, and stores the acquired information
in the memory 10.

Following that, at step S240, the next use state
probability estimation unit 10lo calculates probability
distribution Pg’'’ = p(g"’lq) x p{tlg) of the next use state

from the next use state transition probability and the
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transition probability, and stores the calculation result
in the memory 10.

Following that, at step S$S260, the next use state
probability estimation unit 10lo acquires a appliance use
frequency p(all) with respect to the living activity from
the appliance use frequency table 12g and stores the
acquired result in the memory 10.

[0061]

Following that, at step $265, the next use state
probability estimation unit 10lo acquires initial use state
distribution p(g’ |OFF) from the appliance use state
transition probability table 12e of the appliance a,
multiplies the appliance use freguency p(all) and the
initial use state distribution p(g’ [OFF) to set a product

value to probability distribution of the next use state:

Pg’'’=pf(all) x p(g’ |OFF).

Following that, the next state probability estimation unit

101lo proceeds to step S245.

Following that, at step S245, the electric power
consumption pattern generation unit 10lp causes g’ = g, and
stores g and g’ that determines the next use state at
random according to the probability distribution Pg’’, in
the memory 10.

Following that, at step $250, the next use state

probability estimation unit 10lo generates an electric
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power value at random according to electric power
distribution p(wlg) in the use state g, and generates and
outputs an electric power consumption pattern.

Following that, at step S255, the electric power
consumption pattern generation unit 101lp advances the time
(t =t + 1), returns to step S205, and repeats the
processing illustrated in steps S205 to S265.

As a result, a personal electric power consumption
pattern can be generated from the living activities
included in the questionnaire information by the simulation.

Result examples illustrated in Figs. 33, 34, 35, and
36 are described.

[0062]

As described above, a living activity label at each
timing, which indicates questionnaire information for
estimating a living activity of a consumer in a
predetermined space, 1s stored, and a use state and a
previous use state of an appliance at predetermined timing
are acquired from the stored contents. Following that,
event type information that indicates a living activity in
a living space is detected based on the acquired use state
and previous use state of the appliance, and a transition
probability of a next use state is acquired from an
appliance use state transition probability table that
indicates a probability of transition of the use state of
the appliance to another use state. Following that, a

transition probability corresponding to an elapsed time
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after event occurrence is acguired from a use state
persistence length probability table that indicates a time
probability of persistence of the use state, based on the
transition probability of the next use state, and
probability distribution of the next use state is
calculated based on the next use state transition
probability and the transition probability corresponding to
the elapsed time. Following that, an electric power
consumption pattern that indicates an electric power value
is generated according to the probability distribution of
the next use state, whereby the electric power consumption
of the appliance can be verified by a simulation in advance,
prior to intreduction of the EoD system, and the EoD system
can be easily introduced in consideration of the personal
living activities.

[0063]

As described above, when the appliance is not being
used, the appliance use frequency with respect to the
living activity label is acquired from the appliance use
frequency table that indicates the probability of using the
appliance in a living activity. Following that, the
initial use state distribution is acquired from the
appliance use state transition probability table that
indicates the probability of transition of the use state of
the appliance to another use state. Accordingly, even when
the appliance is not being used, the initial use state

distribution of the appliance can be acquired, and the
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electric power consumption of the appliance can be verified
in advance by a simulation, prior to introcduction of the
EoD system, whereby the EoD system can be easily introduced
in consideration of the personal living activities.

[0064]

<Third Embodiment>

A living activity-electric power consumption model
applicable to a living activity estimation device according
to a third embodiment of the present invention will be
described. Note that an electric power consumption model
(LAPC model) as a generative model, which means
relationship from living activities to appliance electric
power consumption patterns, will be described.

First, a structure of the LAPC model will be
described with reference to the block diagram illustrated
in Fig. 37.

To execute a living activity 1, after moving to a
location r, a person operates and uses a set A of
appliances. Q is an operation mode (use state) of each
appliance in the set A of appliances. A set W of appliance
electric power consumption patterns of each appliance in
the set A of appliances is generated according to an
operation mode Q of each appliance.

[0065]

Although to be described below in details, in the
LAPC model, relationship from the living activity 1 to the

set W of appliance electric power consumption patterns is
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expressed through learning of probabilities P(Q|1l), P({ W|Q),
and P(r|l).

This model is effective for virtually predicting and
generating the set W of the appliance electric power
consumption patterns of each appliance from the living
activity 1. In Section 3.1 below, a method of generating
the set W from the living activity 1 according to P(Q|1l)
and P(W|Q) available in the model will be executed.

Further, the model is similarly effective for
estimating the living activity 1 from the set W of the
appliance electric power consumption patterns of each
appliance using Bayesian inference. 1In Section 3.2, a

method of predicting posterior probabilities P(Q| W) and

1

£ he learned

(w3

P(1]0Q) erence from

Q), based on the Bayesian in

probabilities P{Q|1l) and P(W|Q), and estimating the living
activity 1 from the set W of the appliance electric power
consumption patterns of each appliance will be proposed.
With these two methods, the LAPC model is effective for bi-
directional transformation between the living activity 1
and the set W of the appliance electric power consumption
patterns of each appliance.

[0066]

A personal living activity is expressed by creation
of a living activity model below. In Section 2.1, a
personal living activity model for expressing living
activities including simultaneously occurring activities

will be described.
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In Section 2.2, a personal appliance use model for
meaning relationship between living activities and use of
appliances will be described. In Section 2.3, an appliance
operation mode model for expressing relationship from, an
appliance operation mode to appliance electric power
consumption patterns will be described. In Section 2.4, a
human location model [4] for predicting that a location of
the person r is based on personal operations coming in
touch with appliances will be introduced.

[0067]

Hereinafter, details of each sub model will be
described.
<2.1 Personal Living Activity Model>

A living activity can be expressed by a label that
expresses a type of an activity such as cooking, washing,
or watching TV, with a duration time that indicates when

the activity occurs next.

In <1;, b;, e;>, a living activity 1; is a label of I,

and b; and e; indicate a start time and an end time of the
living activity I;.

The living activities consecutively occur in daily
life. For example, a person has dinner, watches TV, takes
a shower, and then sleeps. Further, a plurality of
activities may occur simultaneously. For example, the
person watches TV while having dinner.

That is, the living activities may be switched while

overlapping with one another. Such living activities are
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expressed by a flat model:
I ={f 1, .., I}

[0068]

The flat model will be described with reference to
the schematic diagram illustrated in Fig. 38.

In a flat model I®, overlapping portions and time
gaps in a plurality-of activities exist, and it is
difficult to estimate such a series of living activities.
To solve the above problem, a main-sub activity model that
is another method of expressing the living activities is
introduced, which restricts the overlapping portions and
time gaps, and more easily performs estimation.

In the main-sub activity model, the series of living
activities is expressed using a combination of a single
main activity sequence:

M . M M
RS B

and one or more sub activity sequences:

S

Bio= (15, L)

[0069]

Here, Fig. 38 illustrates relationship between the

above~described flat model and the main-sub activity model.
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A main activity means an activity mainly performed
depending on the location of the person to a certain extent,
a constraint that no time gap exists between a certain
activity and another activity is given in the main activity.
Meanwhile, a sub activity indicates an activity
simultaneously performed with the main activity, and does
not depend on the location of the person.

For example, a person starts “washing” at a place
where a washing machine exists, in the main activity.
Following that, the person moves to a kitchen, and performs
the main activity of “cooking” while “washing” is ongoing.
At that time, “washing” is the sub activity with respect to
“cooking” (kitchen) that is the main activity.

Since the sub activity does not continuocusly happen,
there is a possibility that the time gap is within I®.
[0070]

As illustrated in Fig. 38, the flat model I%, and I
and I of the main-sub activity model can be easily
transformed to each other.

In the present embodiment, to estimate the living
activities, the sub activity simultaneously occurring with
the main activity is restricted up to one. However, this
restriction can be easily extended to a plurality of sub
activity sequences.

A person always consecutively performs some
activities one after another in a certain order at home.

For example, the person usually eats food after cooking,
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and dries his/her hair after taking a shower. Also, the
person usually simultaneously does some activities, suéh as
watching TV while eating foods, as personal sub activities.
On the other hand, some activities rarely occur
together, such as taking a shower while cooking. Therefore,
to express transition and co-occurrence relationship
between activities, the following two probabilitigs are
used:
ITirq = <1lyz1, bi-1, ej-1> and I; = <1l;, b;, ei> are
indicated as two consecutive activities. 1In this case,
P(l; = 1l¢|1;.1 = 1lg) is a transition probability from an
activity lg to an activity le.

When I; = <1;, bi, e;> occurs, [bi, e;] is a time

-

duration time. n this case, P(l; = 1lg, 15 = l¢ibi, e:10[by,
e;] # 0) is a co-occurrence probability between the
activity lg and the activity Il:.

The duration time of the series of activity is also
an ilmportant property. To express the property,
distribution P(till; = 1lg) (11 = ei — by of the activity of
ly) of the duration time is defined.

[0071]
<2.2 Personal Appliance Use Model>

Typically, an appliance a. has various operation

modes

T G5 Do
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Here, as a personal appliance use model, a
probability of using an appliance a. in a living activity
lg:

P(aclly) = Plggllg)

is defined. Here,

Ton

represents an operation mode of a home appliance in use.
Since appliances used in respective activities vary

depending each person, Placlly) is acquired for each person

through learning.

[0072]
‘Here, a method of learning P(aclly) will be discussed.

P(acllyg) is used in a method of‘estimating a living
activity, which will be presented in Section 3.2 below. An
appliance works with transition from one operation mode to
another operation mode. The transition occurs by a
personal manual operation or automatic control of the
appliance.

In the present embodiment, relationship between a
living activities and an operation mode of an appliance is
stochastically expressed.

As described in Section 3.1 below, the appliance
generates electric power consumption according to each
operation mode. Further, assume that, during an activity
1lx is continued, the appliance a. is changed from an

operation mode:
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c
qh

to another operation mode:

q;"

’

according to the following probability:

Plg; = qjllj = b gy = qlc:)_

5
This can be calculated by counting the number of times of
transition of the operation mode of the home appliance in
the living activity 1y from:
c
9y
10 to:
c‘I
CIj,
and dividing the counted number of times of transition by
the number of times of:
%
15 [0073]

ol - C o O
P(lelj = Ikaqi = qh)
This expresses distribution of the duration time of:
c
P
of the appliance a. in the activity 1lx. The distribution is

20 expressed by a histogram that indicates proportions of the
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duration time in a state of being sectioned into respective
lengths of the duration time. Further, the histogram can
be expressed as a distribution function (for example, as a
normal distribution function).

[0074]

P(@ ey = 455 = T):

k=1

Distribution of an initial state:

C
9t m=1
(a. of:
C
qk,m: 1

in the activity ly) is calculated by dividing the number of

activities of 1y having the initial state of:
g

by a total number of the activity 1.

[0075]

When sufficient learning data 1is provided in advance
to a specific person, P(aclly) is acquired through learning
of each person. However, it is difficult to sufficiently
perform the learning of each person in advance. For the
situation, P(acllg) can be determined based on a function
of an appliance instead of the learning of each person.
Assume that the appliance ac. is Ps(lgla.) that indicates the
probability of being able to be used in the activity l4
that accords with the function.

P:(lglac) is manually determined according to the
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function that the appliance has in advance. In that case,

Placlly) 1s calculated using the following formula (1):

Pyl lac)P(ac)
Pla ) = 1
(aclly) PUy) (1)
Placllg) = C+Pglglac) is acquired by having P(a.) and P(lg)

as uniform distribution, where C is a normalization

constant to realize:

IP(aclfg)dac=l.

[0076]
When learning of data of a way to use a home
appliance of each person is effective, the data is learned

P N NP RN ~
Cch person can be

o

using the formula (2). Here, P(aclly) of e
learned as follows:
Placlly) = (1 = ) - Plgla) + Ae) - fle,g) @)

I
WE: a, s used in 11)]

Ae) = log Jlog|T"|

where the total number of activities is 1y, a rate of
performing the activity of the label 1, using the appliance
ac is flc, g).
Here,
It = {IFi € Z.o)
is a set of living activities existing in the learned data.
Basically, if the appliance a. is frequently used in
the living activity 1lg, it is assumed that P(acllgy) is high.

That is, P(acllg) can be defined with f(c, g). Note that
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some appliances that are used in most of the living
activities (for example, “air conditioner”, “fan”, and
others) do not contribute to determination of a living
activity.

[0077]

Meanwhile, appliances that are used only in specific
living activities and are not used in other activities (for
example, “IH cooker” used in “cooking”) can contribute to
determination of a living activity. Therefore, a weight
coefficient 0 < A(c) £ 1, which indicates how much the home
appliance contributes to determination of a living activity,
is provided to f(c, g). A small value is set to the weight
coefficient when a., is used in many living activities, and
a large value is set when a. is used only in specific
living activities.

Further, a function of the appliance may be useful
for some types of living activities, and is expressed by
P(lglac). Finally, as expressed by the formula (2),

P(acllyg) 1s determined according to f(c, g) and P(lglac).
The learned P(aclly) is compared with an appliance function
based on P(aclly) in experiments discussed in Section 4.
[0078]

<2.3 Appliance Activity State Model>

A model that corresponds to an operation mode of an
appliance and an electric power consumption pattern of the
appliance with each other will be defined using a

hybrid/dynamic system. The appliance a. (including a state
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of “electric power OFF”) has each operation mode:
C
g
I
and the each operation mode generates electric power

consumption pattern of:

{
w;

At this time, a variation pattern of the electric

power consumption corresponding to the operation mode:

C

g

of the appliance a. is expressed using a dynamic system of:

of each operation mode.

In the present embodiment, assume that each dynamic
system (the variation pattern of the electric power
consumption) can be expressed by a normalized distribution
model as described below:

1 ——d L

e ¥ (3)

Ci,C C . CY .
P(uslgy) ~ Ny, o7) = -
2no;
The dynamic system can be more accurately expressed
using a more specific model (for example, Kalman filter).
However, most of the appliances can be expressed by the

normalized distribution like (3). Correspondence between
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the electric power consumption pattern and the operation
mode of the appliance is acquired by learning of the
operation mode and the dynamic system of each operation
mode in advance.

[0079]

<2.4 Human Location Model>

As illustrated in Fig. 37, the relationship between
the living activity 1 and the appliance electric power
consumption patterns W is affected by the location r of the
person. As described in the opening of Section 2, the
relationship P(r|l) between the living activity and the
location of the person is manually allocated according to a
floor plan in advance. In this section, to estimate the
location r of the person from the electric power
consumption patterns W of an appliance, “Human Location
Model of a state space model” (the authors: Yusuke YAMADA,
Takekazu KATO, and Takashi MATSUYAMA) is introduced. A
basic technical concept about the model will be described
below.

A person moves to a location near the appliance when
using a certain appliance, and operates and use the
appliance. The operation mode of the appliance is changed
by such an artificial operation, and the electric power
consumption pattern of the appliance is changed,
accordingly. Following that, the person moves to a
location near another appliance, and repeatedly operates

the appliance.
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As described in Section 2.3, the operation mode of
the appliance a. can be estimated from the electric power
consumption pattern of the appliance a., and the location
of the person can be estimated according to the operated
position of the operated appliance a.. r¢ represents the
location of the person at a time t. Probability
distribution P(r:) of the location of the person is
acquired by applying a particle filter algorithm [6] using
the model. 1In that case, A location ri where the largest
P(r.) is generated as the location of the person at the
time t 1s determined as the location of the person.

[0080]
<3. Bi-directional Transformation on LAPC Model>

In this section, a method for bi-directional
transformation between personal living activities and
electric power consumption patterns based on the LAPC model
will be described.
<3.1 Generating Electric Power Consumption Patterns from
Personal Living Activities>

A method of generating an electric power consumption
pattern in each time (second) for each appliance using the
LAPC model will be described with reference to steps S305
to S350 of the flowchart illustrated in Fig. 39, assuming

an activity seqguence:
L L L _
" = (I I, .., I5). Iy =<IE, bl el >
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expressed by a flat model.

[0081]
First, at step S$305, a variable that repeats each

element is specified for each appliance (the label ¢ of the

5 appliance a. is removed for clarity here).

IF =<t bl el >15k<Q

Following that, at step S$310, m € Z ., is set, which

10 indicates an index of the operation mode of a in:

An initial state Qx, m-1 1s randomly determined according

15 to a condition:
—_ L
P(qk,rrz:] = f]illk) > O, and

Stm=1 = D
20 is determined for a start time gx, m- 1.
[0082]
Following that, at step S$315, m is randomly

determined according to a duration time Ty, n state Qgx, m:

o5 P(Tk,ml]{'s QR,m) ,

71



10

15

25

and the state gy, n for anend time ey, n = Sk, n + Tk, » 1S
determined.

Following that, at step $320, if it is the duration
time 1%, » = 0, the processing proceeds to step $345.

Meanwhile, at step S325, if the end time ek, n is:
L
ek’n‘! > ek
I

the processing proceeds to step S330, and

€kn = eﬁ
is set and the processing proceeds to step S$345.
[0083]
At step S335, m =m + 1 is set.
Following that, at step S340, a next state gy, n is
randomly determined according to a condition:
P(Qk,m[ﬂfv Grm-1) > 0 ,
and Sx, n = €, n-1 + 1 second is set, and the processing
proceeds to step S315.

Following that, at step S$345, if it is:
P(Q/\,lllﬁ) » H25j5m P(CJ'L,j]l;{" ';/k,j—l) > ﬁ

the processing proceeds to step 3350, and a generated

sequence Iy configured from operation modes

» L
1< i< L
th’l~*J‘“’n)for k) is output.

(
OQutput: I = {I:, I, ..., Ig}
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Accordingly, the output: I = {Ii, I, ..., Ig} can be
obtained.

[0084]

The above-described method randomly selects the
operation mode and the duration time of the above state in
order to configure the sequence Iy, 1 £ k < Q.

At step 8345, a result of probability distribution of
an initial operation mode, and the state transition
probability of the operation mode in the sequence Iy are
calculated. Here, when the calculation result of the state
transition probability is larger than a threshold B, the
method outputs the sequence, and in other cases, the method

regards the sequence inappropriate, and generates the

A plurality of activities may occur simultaneously in
I*. For different activities, different operation modes of
an appliance may be generated. Therefore, a plurality of
different operation modes of an appliance may overlap
without delay in 1 output in the above portion. However,

only cone operation mode can exist at a time for one

appliance.

In the above method, the operation mode having the
largest average electric power consumption at each time
about each appliance in i remains. The average electric
power consumption of each operation mode of each appliance
is effective in the dynamic system described in Section 2.3.

[0085]
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Finally, the above method independently outputs the
operation mode sequence independently for each appliance.

After the operation mode seqguence of an appliance is
acquired, the above method generates the electric power
consumption pattern for the appliance using the dynamic
system to be described in Section 2.3.

For each operation mode:

qc

i

of the appliance a. of the acquired sequence, the method
more accurately acguires the electric power consumption
pattern:

wy

at each time by random sampling with respect to

distribution:
f%w@qﬁ?”jvgﬁsaf}.

As a result, electric power consumption of each
appliance 1s totalized, whereby the electric power
consumption patterns of all family members can be used.
[0086]
<3.2 Estimating Personal Living Activity State from
Electric Power Consumption Pattern>

The method of estimating living activities from
appliance electric power consumption patterns based on the
LAPC model will be described.

<3.2.1 Estimating Appliance Operation Mode>
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In estimating the living activities during a period
<0, T>, first, the above method estimates the operation
mode from the electric power consumption pattern during the
period for each appliance.

We = (wf,wf, ., uf)

is the sequence of the electric power consumption pattern:
o

wl
of the appliance a. of each time 0 £ t < T.

[0087]

10 The method estimates an operation mode:
c

q:

for:
wy

at the time t by finding out an operation mode havir

ng a

15 maximum likelihood that accords with the electric power

consumption pattern from a time t - J to t + J.

J =5 seconds 1s set in the experiment to be

described in Section 4.

N ClypsC ClypyC
q; = ¢; = arg max P(q;lwi_j)...P(q; wg, ;) @
i
20 As described in Section 2.3, the dynamic system:

P(uflgs)

is effective in the LAPC model.

[0088]

25 As described below,
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P(q;lwy

is calculated based on the dynamic system that uses the

Bayesian inference.
TR = D Puil) (1S£<T)

Plgflw) = Plaf)
il 1 (otherwise)

Here, assume that
P(q;)
and
P(wy)
10 are uniform distribution. Also, D is a normalization

constant that forms:
J PG lw)das =1 |

15 To acgquire the duration time of each operation mode
after the operation mode in each time t is acquired, a
series of consecutive identical operation modes are
integrated together. Finally, a series of consecutive
duration times of the operation modes can be acquired.

20 [0089]
<3.2.2 Estimating Living Activity State>

Estimation of a living activity from a sequence of an
operation mode of each appliance will be described.
As illustrated in Fig. 40, cutting is started in the

25 period <0, T> in several duration times {Ii, I, .., IK}, at
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the end time of each operation mode of each appliance.

In each duration time Igx, 1 < k £ K, only one
operation mode exists for each appliance. Assume that one
main activity occurs in each Ix. Then, Up to one sub
activity may simultaneously occur with the main activity.

A set of the operation modes of each appliance in {ai,

asz, .., ao} appearing in Iy is:

Qk = {Q}p qu (] qko} .

A room where the person stays at for the longest time
during Iy is rx. As to be described in this section below,
it is not necessary to know the precise location of the

in the above method.

[+3}
(ws
®
3
o]
jon
ot
l._l
=
O
’,_A
o}

First, a subject to estimate personal living
activities is formally defined.

Subject 1: Estimate that a combination of one main
activity 1™ and one sub activity 1° occurs suitably to each
duration time Iy like the following formula (6):

Um’ ls)f( = arg max P(lmt lS,Qk: rfc)a (6)
(FreL,S€LUL 1)

if the following items are provided as inputs:

(1) a set L of preliminarily defined candidate living
activities (for example, “cooking”, “cleaning”, “bathing”,
and others),

(2) the sequences of the duration time {Ii, I, .., Ix},
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(3) the set of

Qk = 51[‘;’ (1§, ey ql?

of the operation modes of each appliance, and the location
ry of the person during each duration time Iy, 1 £ k £ K.
[0091]

Here, Lau represents that no living activity occurs.
To estimate the formula (6), a rule as follows:
m s P(Qy, rell™, )P, I)
P(l 31 'Qk:rk) =

P(Qy, 1)

_ P, EYP(ri )PP PA™)
P(Qk» rk)

is treated, the rule being based on the LAPC model that
uses the Bayesian inference.

[0092]

Note that, as described in Section 2.1, assume that
the sub activity is independent of the location of the
person. P(rx|l™ 1s provided in advance according to the
main activity 1™ and the floor plan.

For example, “cooking” is executed in “kitchen”, and
thus P (kitchen|cooking) = 1 is allocated. P(1°|1™) is a
probability of simultaneous occurrence of the sub activity
together with the given main activity, and can be manually
provided according to details of each activity. For
example, there is small possibility that cleaning occurs

during bathing, and thus P(cleaninglbathing) = 0 is

78



10

15

20

allocated.

[0093]

P(Qx, ry) is a probability that Qx and ry can be
observed, and is irrelevant to the main activity 1™ and the

sub activity 1°. The normalization constant y that forms:
§ P (Im, 15| Qk, k) dlodls=1

and the probability P(Qx, rx) are replaced.
P(1™) is past distribution of the main activity.
Here, assume that P (1™ is uniform distribution. Therefore,
only P((Q)x!l™, 1°) is estimated.
P((Q)x]1™, 1% that uses the following formula (8) is
f each

J [ R - oy . R ] ~
calculated by assuming that the use probabilities o

the appliances are independent of one another.

P(Q)I™, )
= PG o @0 1" VPGS, o @05 1 1) PR I, T)

= n PN, ) (8)
15c20

[0094]

In the present embodiment, a method of calculating:

PG, 1)
for each appliance a. is examined.

When an appliance is powered off, the appliance is
meaningless to any living activity.
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q; = OFF

is set, which indicates the appliance a. is powered off

during the duration time Ix. In that case,

P(g; = OFF|I",')=0.5 (9)

is set.

[0095]

For other operation modes of the appliance ac,

P( Q,’f» 1 lm’ ls)

is calculated by subtracting a probability that the
appliance a. is not used even in the main activity 1, and 1:

from 1, like the following formula:

PG =1, F =l = 1—(1-P@ll)(1 =~ Paclh)) (10)

P(aclly) can be determined through learning for each
person, particularly, or can be determined based on the
appliance function for any person (see Section 2.2). 1In
the formula (7), relationship between the living activities
is not taken into consideration in two consecutive duration
times. However, the transition probability should be
similarly considered between the living activities.

[0096]

Fig. 41 is a diagram illustrating dependent

80



relationship existing between two consecutive duration
times.

The living activities are estimated in 1y, 2 £ k £ K
that uses the following formula (11) that is extended to

5 the formula (7).

P(l‘;gna l;;le, Fis -Zipli_l) =
PUOE, VPPN BE B PR By
P(Qk’ rk)

(11

The formula (11) can be similarly calculated to the formula
(7), except that it is necessary to estimate:
o POELLEY.
To obtain the best result, the probability should be
allocated according to the transition probabilities between
the living activity lengths Ix-; and Iy, and duration time
15 distribution of each living activity.

In the present embodiment, for clarity, only two
probabilities are determined between the living activities
according to the transition probabilities.

It is estimated that there is a tendency that the

20 activity after “cooking” is “meal”.

[0097]
<3.2.3 Outline of Estimation Technique>
Hereinafter, a method of estimating persconal living

activities from appliance electric power consumption
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patterns will be summarized.

A set L of candidate living activities is determined.

P(ry|1™) according to a layout of a house is
determined. P(1°|1™) according to details of each activity
is determined. P(aclly) related to each activity a. and
each living activity 1y based on learning or an appliance
function is determined using the model proposed in Section
2.2.

For the duration time Iy,

(1) Q= Q;‘(s ‘112(, ~~-,‘1/?

is acquired, which is a set of the operation modes of each
appliance in {ai, az, .., as} from the electric power
consumption patterns of the appliances using the dynamic
system proposed in Section 2.3.

(2) The location ry of the person is acquired using the
human location model introduced in Section 2.4, which
associates an operation of an appliance and the location of
the consumer.

(3) The main activity 1™ € L is estimated together with the
sub activity 1° € L that uses the formula (11).

As an offline method of estimating the living
activities during one period, a method of the present
embodiment will be described in the above portion.

Actually, the method of the present embodiment can be
used for both online and offline.

In steps (1) and (2) described in the above portion,

the method of the present embodiment can directly acquire:
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Q=g q

and ry from the real-time electric power consumption
patterns of each appliance.

Therefore, the method of the present embodiment can
perform real-time estimation of the living activities.
[0098]

In the configuration of the living activity
estimation device 101 according to the second embodiment,
the activity hours about the basic items in the living
environment such as “sleep”, “meal”, and “cooking” are
collected from a person, the basic items being to serve as
the labels used in the processing as illustrated in Fig.
11(b), data configured from the living activities (for
example, cooking) and the hours is input to the living
activity estimation device 101 in a table format like Excel
(registered trademark), and finally the electric power
consumption patterns are generated in the living activity
estimation device 101 illustrated in Fig. 31.

[0099]

Fig. 42 is a block diagram illustrating a
configuration of a living activity estimation device 201
according to the third embodiment of the present invention.

A configuration of the living activity estimation
device 201 according to the third embodiment of the present

invention will be described with reference to the function
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block diagram illustrated in Fig. 42.

The living activity estimation device 201 according
to the third embodiment of the present invention is
characterized to include a living activity estimation unit
201lg, in addition to the living activity estimation device
101 of the second embodiment.

The living activity estimation unit 201g acgquires the
set of the operation modes of each appliance, based on the
electric power consumption patterns generated by an
electric power consumption pattern generation unit 101lp,
acqguires the location of the consumer using the human
location model that associates an operation of an appliance
and the location of the consumer, and estimates the main
activity depending on the location and the sub activity not
depending on the location.

As described above, the personal main activity and
sub activity can be estimated from the electric power
consumption patterns, and the personal main activity and
sub activity related to the appliance can be verified in
advance by a simulation, prior to introduction of the EoD
system, whereby the EoD system can be easily introduced in
consideration of the personal living activities.

[0100]

In the method of the present embodiment, the list of
the appliances (the list of the candidate living activities
and the probability P(aclly) based on the appliance

function) can be shared in houses having different layouts.
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However, in the method of the present embodiment,
acguisition of the location of the person is required
similarly to the floor plan and the locations of the
appliances. The location of the person is necessary to
estimate the main activity. It is difficult to apply the
method of the present embodiment to be put into practical
use because of such a hard condition.

[0101]
<4. Experiment>

In Section 4.2, first, the method of estimating the
personal living activities from the appliance electric
power consumption patterns will be evaluated.

As described in Section 2.4, to acguire the location

PO . 1.

of one person by the f the present embodiment, the
Human Location Model (the authors: Yusuke YAMADA, Takekazu
KATO, and Takashi MATSUYAMA) can be used.‘ In USN, wvol. 111,
no. 134, pp. 25-30, 2011, the above model has been
confirmed through experiments in which the location of the
person was able to be estimated with high precision.

In the experiments described in this section, to
evaluate the method of estimating the personal living
activities without interference of the model, a room where
the person exists is manually pointed.

In Section 4.3, the method of generating the electric
power consumption patterns from the living activities
pointed through case studies will be estimated.

[0102]
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<4.1 Dataset and Setting>

Experiments are conducted in a smart house in which
the appliances are connected to suppiy electric power
through the smart taps.

Fig. 44 is a diagram illustrating a layout of the
house in which the appliances are arranged. The locations
of the rooms are‘indicated in units of centimeters. The
size of the rooms is 538 x 605 cm®’. The first row and the
first column illustrated in Fig. 43 respectively indicate
all of 14 labels of living activities and a part of 34
appliances as a list. In the present embodiment, a
personal case where one person lives alone is considered.
Three persons indicated by participants A, B, and C are
asked to live in the house for 4 days, 2 days, 5 days,
respectively, and asked questions. They are asked
guestions in order to record their living activities every
15 minutes.

[0103]
<4.2 Evaluation of Living Activity Estimation>

As described in Section 3.2, the probability P(aclly)
that the appliance ac is used in the living activity lg can
be determined by two method.

First, Placllyg) = C-Ps(lglac) 1s allocated according
to the function of the appliance. A score from {0.5, 1.0,
1.5, 2.0, 2.5, 3.0} is selected for each P:(lglac).

A high score being more useful by execution of the

living activity 1y by the function of a. will be described.
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For example, apparently “television” can be used to “watch
television”. Therefore, P:(television|watch television) =
3.0 is allocated.

[0104]

“Television” can be used for “entertainment”.
Therefore, Ps(entertainment]|television) = 1.0 is allocated.
Each light may be useful for “personal hygiene”. Therefore,
Ps (personal hygiene|{living room light) = P:(personal
hygiene|betroom light) = ... = 0.5 is allocated.

The probability based on the appliance function can
be applied to estimate any personal living activity.

Second, P(aclly) can be learned for each participant
who uses the formula (2). To evaluate data of one day of
each participant, data of another day of the participant is
used while the data is learned.

[OlOS]I

Fig. 43 illustrates probabilities based on the
appliance function and learned probabilities for evaluating
one day of the participant A.

The two kinds of probabilities are respectively
normalized with Z.ceaP(aclly) = 1. As defined in formula (2),
the right end line indicates a A(c) value of each appliance.

Since the participant A left the air conditioner on
for a long time, the A(c) value of “air conditioner” is
lowest.

The A{c) wvalues of “television”, “living room light”,

and “refrigerator” are similarly low. In contrast, the
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A(c) values of “cleaner” and “dryer” are highest. The A(c)
values accord with the consideration state in Section 2.2.
Values before and after “/” in each cell are the

probability based on the appliance function and the learned

probability.

The learned probability is completely different from
the probability based on the appliance function. For
example, during a meal, the participant A left the
television on. As a result, the learned
P(television|taking a meal) = 0.10 is obtained. However,
the appliance function is based on P(television|taking a
meal) = 0. As another example, depending upon a situation,
the participant A left the television, the air conditioner,
the washing machine, the living room light, and the kitchen
light on while bathing.

Similarly, Placlly) is further learned by other
participants. It is found out that the probabilities
P(aclly) learned from respective participants are different.
For example, during bathing, while the participant C does
not leave the television on, the participants A and B leave
the television on.

In the present embodiment, description about P(aclly)
learned from other participants is omitted due to space
limitation. In this case, the living activities of each 4
days of the participant A who uses the method proposed in
Section 3.2 are estimated using the P(aclly) based on the

appliance function and the learned Placily). Similarly, the
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living activities of respective days of the participants B
and C are estimated. For example, Figs. 45(a) and 45(b)
illustrate an actual living activity sequence (a) and an
estimated living activity sequence (b) of the participant A
of one day from 00:00:00 to 23:59:59.

[0106] |

In Fig. 45(c), each color indicates a type of the
living activities exemplified on the right side. At a
glance, the sequence (Fig. 45(c)) estimated using the
learned P(acllyg) is completely consistent with the actual
one.

The method of the present embodiment more efficiently
estimates simultaneously occurring living activities, such
as the participant A watching television while cooking, or
the participant A washing clothes while bathing. When the
sequence estimated using the learned P(ac|lg) and the
sequence estimated using the appliance function based on
P(aclly) are compared, occurrence of “bathing” at around
00:30 and occurrence of “bathing” at around 23:00 cannot be
estimated. The appliance function based on the
probabilities of the air conditioner and the living room
light in “bathing” is 0, as illustrated in Fig. 42.

The appliance function based the probabilities of
these appliances in “personal hygiene” are not 0. The
participant A left the appliances on during bathing.

Therefore, the method of the present embodiment using

the appliance function based on the probabilities wrongly
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regards “personal hygiene” as “bathing”. However, through
the learning of the use probabilities of the appliances
from the respective living activities related to the
participant A, the method of the present embodiment can
correctly estimate “bathing”.

[0107]

The method of the present embodiment will be
quantitatively estimated using recall and precision.

Given the actual living éctivity la, a set L, of the
estimated living activities appearing in the same duration
time as the living activity 1, is examined. The set L.
includes the main activity and the sub activity. Here, the
main activity is not separated from the sub activity. When
there is a living activity of the same type as the living
activity la in the set L., the living activity 1, is
regarded to be normally estimated. In this case, the
recall is calculated as a rate of activities correctly
estimated in the actual living activities sequence.

On the other hand, given the estimated living
activity, the set L, of the actual living activities
appearing in the same time as the duration time as the
living activity l. is examined. When there is a living
activity of the same type as the living activity le in the
set L,, the estimated activity 1l 1s regarded correct. In
that case, the precision is calculated as a rate of correct
activities in the estimated living activities seguence.

[0108]
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Fig. 46 is ardiagram illustrating the recall,
precision, and F-measure for each day of the participants A,
B and C.

The values before and after “/” in each cell of
“recall” are the number of the correctly estimated
activities and the total number of the actual activities,
respectively. The values before and after “/” in each cell
of “precision” are the number of the correctly estimated
activities and the total number of the estimated activities,
respectively.

At first, the method of the present embodiment
generates higher F-measure values using P(ac|lg) that has
learned the personal appliance use probabilities in 7 of 11
days.

The average values of the recall, precision, and F-
measure with learning are 0.771, 0.786, and 0.773, and it
can be said that the experimental results are excellent
when the learning is performed. On the other hand,
sufficient recall and precision can be obtained even when
the learning is not performed.

[0109]

Next, results of each day of each respective
participant are examined.

The F-measure values of the respective days of the
participant A are similar. The results of day 1 of the
participant B are inferior because of learning. To

evaluate day 1 of the participant B, day 2 is learned.
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Some activities occurring in day 1 of the participant B do
not occur in day 2 of B. Since learning of data is
insufficient, Pl(aclly) cannot be correctly learned for the
participant B. It should be taken into account that better
results can be acqguired for the participant B if there is
more learned data. The results of day 1 of the participant
C are inferior among the results of 5 days. The
participant C executed “conversation” and “having a rest”
in day 1. An appliance is not especially used in the two
types of activities.

As a result, the method of the present embodiment
does not function to detect the above two types of
activities. However, the final goal of the study is to
estimate the priority of the appliances in each activity.

When an appliance is not especially used in an
activity, such activity can be disregarded for the final
goal.

[0110]

To estimate the living activities through learning
the personal appliance use probability P(aclly), the method
of the present embodiment being effective i1s demonstrated.
Note that it is hard to collect classified data from each
user for the learning.

On the other hand, the method of the present
embodiment can estimate the living activities with
sufficient precision even if using the home appliance use

probability P(aclly) based on the function of the appliance
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for any users.

As a future work, an LAPC model having an appliance
function based on the probability P(aclly) is first
configured, as a general model applicable to all users. In
that case, while the living activities are estimated on the
general mode, the personal appliance use probability
P(acl1ly) is learned online for each user. Eventually, the
general model is updated to a personal model of each user.
[0111]
<4.3 Evaluation of Generating Electric Power Consumption
Pattern >

To generate the electric power consumption patterns
from the living activities by the case studies, the method
proposed in Section 3.1 is evaluated.

Fig. 47(a) is a diagram illustrating an actual
electric power consumption pattern of day 1 of the
participant A.

First, the probability distribution described in
Section 2.2:

Plg; = qill; = lngiy = q3), PGill; = lgi = gf)

and

Pl e = 4ill; = 1)

are learned from other three days of the participant A.

In that case, the electric power consumption patterns
using the method of the present embodiment are generated
from the actual living activities of the day with the

learned probability distribution.
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Figs. 47(b) and 47(c) illustrate two generated
patterns acquired under the same experimental conditions,
the generated patterns being different because the method
of the present embodiment has randomness. Both of the two
generated patterns are completely similar to the actual
generated patterns (Fig. 47(a)). Most of the peaks in the
real power consumption patterns are appropriately simulated
in the generated patterns. It can be said that the method
of the present embodiment configured using the LAPC model
is useful for simulating appliance electric power
consumption patterns from living activities.

[0112]

On the other hand, the method of the present
embodiment cannot generate patterns of some electric power
consumption peaks.

Issues to be considered are:

(1) a point that co-occurrence or exclusiveness of
appliances is not considered in the method of the present
embodiment, and

(2) the electric power consumption of some appliances (for
example, an air conditioner, dramatic change).

Especially, the method of the present embodiment
cannot simulate peak electric power 211 occurring due to
startup of a compressor provided in “refrigerator”
illustrated in Fig. 47 (a). These peaks occur due to
activation of the compressor of the refrigerator.

The dynamic system:
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P(DS) ~ N, 09)

modeled using normalization distribution has a quite low
possibility of generating this kind of peaks occurring in a

very short time during an operation mode.

Reference Signs List

[0113]

1.. living activity estimation device, 10.. memory, 11l1.. smart
tap, 12.. database, 12b.. appliance function model table,
12d.. living activity, 12e.. appliance use state transition
probability table, 12f.. use state persistence length
probability table, 12g.. appliance use freguency table, 12h..
living activity storage unit, la.. CPU, 1b.. appliance use
state estimation unit, lc.. event information detection unit,
1d.. first weight acquisition unit, le.. second weight
acquisition unit, 1f.. appliance weight multiplication unit,
lg.. living activity estimation unit, 1i.. appliance use
state estimation unit, 1j.. appliance event detection unit,
lk.. next use state probability estimation unit, 20..
appliance (device), 30.. power control device, 32..
commercial power source, 50.. EoD control system, 101..
living activity estimation device, 10la.. CPU, 101lm..
appliance use state acquisition unit, 101n.. appliance event
detection unit, 10lo.. next use state probability estimation

unit, 101p.. electric power consumption pattern generation
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CLAIMS

1. A living activity estimation system comprising:

at least one appliance installed in a predetermined
space;

a smart tap configured to supply electric power to
the appliance;

a living activity estimation device configured to
estimate an event concerning the appliance, of living
activitiés of a consumer in the space; and

a network configured to connect the appliance and the
living activity estimation device through the smart tap,

wherein the living activity estimation device
including

appliance use state estimation means configured to
estimate a use state of the appliance, based on an electric
power value received from the appliance,

event information detection means configured to
detect event information in the space, based on the use
state of the appliance at a certain point of time and the
use state of the appliance at a previous point of time of
the certain point of time,

first weight acquisition means configured to acguire
a first weight of each living activity by the event
information, the first weight indicating relationship
between change of the use state of the appliance and the

living activity, from a first appliance function model
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table that holds the first weight, based on an elapsed time
from a point of time of occurrence of the event,

second weight acquisition means configured to acquire
a second weight of each living activity, the second weight
indicating relationship between the use state of the
appliance and the living activity, from a second appliance
function model table that holds the second weight, based on
the use state of the appliance,

appliance weilght multiplication means configured to
calculate, based on a product that is a multiplication of
the first weight and the second weight, a sum of the
products for each appliance, and

living activity estimation means configured to
estimate a living activity in which the sum of the products
of each appliance becomes a maximum value, as an actual

living activity of the consumer.

2. The living activity estimation system according to
claim 1, comprising:

next use state probability estimation means
configured to acquire a transition probability of a next
use state from an appliance use state transition
probability table that indicates a probability of
transition of the use state of the appliance, to acguire a
transition probability corresponding to an elapsed time
after occurrence of the event, from a use state persistence

length probability table that indicates a time probability
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of persistence of the next usé state, based on the
transition probability of the next use state, and to
calculate probability distribution of the appliance to be
operated in the next use state, based on the next use state
transition probability and the transition probability

corresponding to the elapsed time.

3. The living activity estimation system according to
claim 2, wherein, when the appliance 1s not being used, the
next use state probability estimate means acguires an
appliance use frequency with respect to a living activity
label, from an appliance use frequency table that indicates
a probability of using the appliance in each living
activity, and acquires initial use state distribution from
the appliance use state transition probability table that
indicates a probability of transition of the use state of

the appliance to another use state.

4. A living activity estimation device that estimates a
living activity of a consumer in a predetermined space, the
living activity estimation device comprising:

storage means configured to store a living activity
label at each point of time, the living activity label
indicatihg questionnaire information for estimating the
living activity of a consumer in a predetermined space;

appliance use state acquisition means configured to

acquire a use state at a certain point of time and a
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previous use state of an appliance from the storage means;

appliance event detection means configured to detect
event type information that indicates the living activity
in the living space, based on the use state and the
previous use state of the appliance acguired by the
appliénce use state acquisition means;

next use state probability estimation means
configured to acgquire a transition probability of a next
use state from an appliance use state transition
probability table that indicates a probability of
transition of the use state of the appliance to another use
state, to acquire a transition probability corresponding to
an elapsed time after occurrence of the event, from a use
state persistence length probability table that indicates a
time probability of persistence of the use state, based on
the transition probability of the next use state, and to
calculate probability distribution of the next use state,
based on the next use state transition probability and the
transition probability corresponding to the elapsed time;
and

electric power consumption pattern generation means
configured to generate an electric power consumption
pattern that indicates an electric power value according to

the probability distribution of the next use state.

5. The living activity estimation device according to

claim 4, wherein, when the appliance is not being used, the
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next use state probability estimation means acquires an
appliance use frequency with respect to the living activity
label, from an appliance use frequency table that indicates
a probability of using the appliance in the living activity,
and acquires initial use state distribution from the
appliance use state transition probability table that
indicates a probability of transition of the use state of

the appliance to another use state.

6. A living activity estimation program including at
least one appliance installed in a predetermined space, a
smart tap configured to supply electric power to the
appliance, a living activity estimation device configured
to estimate an event concerning the appliance, of living
activities of a consumer in the space, and a network
configured to connect the appliance and the living activity
estimation device through the smart tap, and the living
activity estimation program being executed by a processor
provided in the living activity estimation device,

the living activity estimation device for causing the
processor to execute the steps of:

appliance use state estimation step for estimating a
use state of the appliance, based on an electric power
value received from the appliance;

appliance event detection step for detecting event
type information that indicates the living activity in the

space, based on the use state of the appliance at a certain
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point of time and the use state of the appliance at a
previous point of time of the certain point of time;

a first weight acquisition step for acquiring a first
weight of each living activity by the event information,
the first weight indicating relationship between change of
the use state of the appliance and the living activity,
from a first appliance function model table that holds the
first weight, based on an elapsed time from a point of time
of occurrence of the event;

a second weight acquisition step for acquiring a
second weight of each living activity, the second weight
indicating relationship between the use state of the
appliance and the living activity, from a second appliance
function model table that holds the second weight, based on
the use state of the appliance;

an appliance weight multiplication step for
calculating, based on a product that is a multiplication of
the first weight and the second weight, a sum of the
products for each appliance;

a living activity estimation step for estimating a
living activity in which the sum of the products of each

appliance becomes a maximum value, as an actual living

activity of the consumer.

7. A computer-readable recording medium in which the

program according to claim 6 1s recorded.

102



10

15

20

25

3. A living activity estimation program executed by a
processor provided in a living activity estimation device
that estimates an event concerning an appliance, of living
activities of a consumer in a predetermined space, the
living activity estimation program causing the processor to
execute the steps of:

a storage step for storing, in storage means, a
living activity label at each point of time, the living
activity label indicating guestionnaire information for
estimating the living activity of a consumer in a
predetermined space,

an appliance use state acquisition step for acquiring,
based on a use state of the appliance at a certain point of
time and the use state of the appliance at a previous point
of time of the certain point of time, the use state and the
previous state in the space from the storage means;

an appliance event detection step for detecting event
type information that indicates the living activity in the
living space, based on the use state and the previous use
state of the appliance acguired in the appliance use state
acquisition step;

a next use state probability estimation step for
acquiring a transition probability of a next use state from
an appliance use state transition probability table that
indicates a probability of transition of the use state of
the appliance to another use state, acquiring a transition

probability corresponding to an elapsed time after
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occurrence of the event from a use state persistence length
probability table that indicates a time probability of
persistence of the use state, based on the transition
probability of the next use state, and calculating
probability distribution of the next use state, based on
the next use state transition probability and the
transition probability corresponding to the elapsed time;
and

an electric power consumption pattern generating step
for generating an electric power consumption pattern that
indicates an electric power value according to the

probability distribution of the next use state.

9. A computer-readable recording medium in which the

program according to claim 8 is recorded.

10. The living activity estimation device according to
claim 4, comprising:

living activity estimation means configured to
acquire a set of operation modes of each appliance, based
on the electric power consumption pattern generated by the
electric power consumption pattern generation means, to
acquire a location of the consumer using a human location
model that assoclates an operation of the appliance and the
location of the consumer, and to estimate a main activity
depending on the location and a sub activity not depending

on the location.
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11. The living activity estimation program according to
claim 8, for causing the processor to execute the step of:

a living activity estimation step for acquiring a set
of operation modes of each appliance, based on the electric
power consumption pattern generated by the electric power
consumption pattern generating step, acquiring a location
of the consumer using a human location model that
assocliates an operation of the appliance and the location
of the consumer, and estimating a main activity depending
on the location and a sub activity not depending on the

location.
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