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Description

Title of Invention: DATA PROCESSING APPARATUS, DATA

[0001]

[0002]

[0003]

[0004]

[0005]

[0006]

[0007]

[0008]

PROCESSING METHOD, AND PROGRAM

Technical Field

<RELATED APPLICATIONS>

The present application claims the priority benefit of Japanese Priority Patent Ap-
plication JP 2012-079579, filed in the Japan Patent Office on March 30, 2012, and of
Japanese Priority Patent Application JP 2012-079580, filed in the Japan Patent Office
on March 30, 2012, which applications are hereby incorporated by reference in its
entirety.

The present technology relates to a data processing apparatus, a data processing
method, and a program, and particularly to a data processing apparatus, a data
processing method, and a program, capable of easily and accurately obtaining power

consumption or the like of, for example, each of a plurality of electrical appliances in
households.
Background Art

As a method of presenting power consumption or current consumption of, for
example, each of electrical appliances such as household electrical appliances
(electrical appliances for households) in a household or the like to a user in the
household and realizing so-called "visualization" of power consumption or the like,
there is a method of, for example, installing a smart tap in each outlet.

The smart tap has a measurement function of measuring power which is consumed
by an outlet (to which a household electrical appliance is connected) in which the
smart tap is installed and a communication function with an external device.

In the smart tap, power (consumption) measured with the measurement function is
transmitted to a display or the like with the communication function, and, in the
display, the power consumption from the smart tap is displayed, thereby realizing "visu-
alization" of power consumption of each household electrical appliance.

However, installing smart taps in all the outlets in a household is not easy in terms of
Costs.

In addition, a household electrical appliance fixed in a house, such as a so-called
built-in air conditioner may be directly connected to a power line without using outlets
in some cases, and thus it is difficult to use the smart tap for such a household
electrical appliance.

Therefore, a technique called NILM (Non-Intrusive Load Monitoring) in which, for

example, in a household or the like, from information on current measured in a dis-
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tribution board (power distribution board), power consumption or the like of each
household electrical appliance in the household connected ahead thereof has attracted

attention.
In the NILM, for example, using current measured in a location, power consumption

of each household electrical appliance (load) connected ahead therefrom is obtained
without individual measurement.

For example, PTL 1 discloses an NILM technique in which active power and reactive
power are calculated from current and voltage measured in a location, and an electrical
appliance is identified by clustering respective variation amounts.

In the technique disclosed in PTL 1, since variations in active power and reactive
power when a household electrical appliance is turned on and off are used, variation
points of the active power and reactive power are detected. For this reason, if detection
of variation points fails, it is difficult to accurately identify the household electrical
appliance.

Further, in recent household electrical appliances, it is difficult to represent operating
states as two states of ON and OFF, and thus it is difficult to accurately identify
household electrical appliances merely by using variations in active power and reactive
power in an ON state and OFF state.

Therefore, for example, PTLs 2 and 3 disclose an NILM technique in which LMC
(Large Margin Classifier) such as SVM (Support Vector Machine) is used as an identi-
fication model (discriminative model, Classification) of household electrical ap-
pliances.

However, in the NILM using the identification model, unlike a generative model
such as an HMM (Hidden Markov Model), existing learning data is prepared for each
household electrical appliance, and learning of an identification model using the
learning data is required to be completed in advance.

For this reason, in the NILM using an identification model, it is difficult to handle a
household electrical appliance where learning of an identification model is not
performed using known learning data.

Therefore, for example, NPLs 1 and 2 disclose an NILM technique in which an
HMM which is a generative model is used instead of an identification model of which

learning is required using known learning data in advance.
Citation List
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System of Electric Appliances Based on Hidden Markov Model", IEEJ Transactions B,
Vol. 126, No. 12, pp. 12231229, 2006

Summary of Invention

Technical Problem

However, in the NILM using a simple HMM, if the number of household electrical
appliances increases, the number of states of the HMM becomes enormous, and thus
implementation thereof is difficult.

Specifically, for example, in a case where an operating state of each household
electrical appliance is two states of ON and OFF, the number of states of the HMM
necessary to represent (a combination of) operation states of M household electrical
appliances is 2M, and the number of transition probabilities of states is (2M)? which is a
square of the number of the states.

Therefore, even if the number M of household electrical appliances in a household is,
for example, 20, although it cannot be said that there are many household electrical ap-
pliances recently, the number of states of the HMM is 22°=1,048,576, and the number
of transition probabilities is 1,099,511,627,776 corresponding to the square thereof,
which is more enormous in a tera-order.

At present, there is a demand for proposal of an NILM technique capable of easily
and accurately obtaining power consumption or the like of a household electrical
appliance of which operating states are not only two states of ON and OFF, that is,
each electrical appliance such as a household electrical appliance (variable load
household electrical appliance), for example, an air conditioner of which power
(current) consumption varies depending on modes, settings, or the like.

The present technology has been made in consideration of these circumstances and
enables power consumption of each electrical appliance to be easily and accurately
obtained.

Solution to Problem

According to an aspect of the present disclosure, there is provided a method for es-
timating current consumption of an electrical device, including: obtaining data rep-
resenting a sum of electrical signals of two or more electrical devices, the two or more
electrical devices including a first electrical device; processing the data with a Factorial

Hidden Markov Model (FHMM) to produce an estimate of an electrical signal of the
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first electrical device; and outputting the estimate of the electrical signal of the first
electrical device, wherein the FHMM has a factor corresponding to the first electrical

device, the factor having three or more states.
In some embodiments, the three or more states of the factor correspond to three or

more respective electrical signals of the first electrical device in three or more re-
spective operating states of the first electrical device.

In some embodiments, the method further includes: restricting the FHMM such that a
number of factors of the FHMM which undergo state transition at a same time point is
less than a threshold number.

According to another aspect of the present disclosure, there is provided a monitoring
apparatus, including: a data acquisition unit for obtaining data representing a sum of
electrical signals of two or more electrical devices, the two or more electrical devices
including a first electrical device; a state estimation unit for processing the data with a
Factorial Hidden Markov Model (FHMM) to produce an estimate of an operating state
of the first electrical device, the FHMM having a factor corresponding to the first
electrical device, the factor having three or more states; and a data output unit for
outputting an estimate of an electrical signal of the first electrical device, the estimate
of the electrical signal being based at least in part on the estimate of the operating state
of the first electrical device.

According to another aspect of the present disclosure, there is provided a monitoring
apparatus, including: a data acquisition unit for obtaining data representing a sum of
electrical signals of two or more electrical devices, the two or more electrical devices
including a first electrical device; a state estimation unit for processing the data with a
Factorial Hidden Markov Model (FHMM) to produce an estimate of an operating state
of the first electrical device, the FHMM having a factor corresponding to the first
electrical device, the factor having three or more states; a model learning unit for
updating one or more parameters of the FHMM, wherein updating the one or more pa-
rameters of the FHMM comprises performing restricted waveform separation learning;
and a data output unit for outputting an estimate of an electrical signal of the first
electrical device, the estimate of the electrical signal being based at least in part on the
estimate of the operating state of the first electrical device.

Advantageous Effects of Invention

According to the aspect of the present technology, it is possible to easily and ac-

curately obtain power consumption of each of electrical appliances.
Brief Description of Drawings
[fig.1]Fig. 1 is a diagram illustrating an outline of an embodiment of a monitoring

system to which a data processing apparatus of the present technology is applied.
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[fig.2]Fig. 2 is a diagram illustrating an outline of waveform separation learning
performed in household electrical appliance separation.

[fig.3]Fig. 3 is a block diagram illustrating a configuration example of the first em-
bodiment of the monitoring system to which the present technology is applied.
[fig.4]Fig. 4 is a diagram illustrating an FHMM.

[fig.5]Fig. 5 is a diagram illustrating an outline of the formulation of the household
electrical appliance separation using the FHMM.

[fig.6]Fig. 6 is a flowchart illustrating a process of learning (learning process) of the
FHMM according to an EM algorithm, performed by the monitoring system.
[fig.7]Fig. 7 is a flowchart illustrating a process of the E step performed in step S13 by
the monitoring system.

[fig.8]Fig. 8 is a diagram illustrating relationships between the forward probability
ALPHA, , and the backward probability BETA ,, of the FHMM, and forward
probability ALPHA,; and the backward probability BETA,; of the HMM.

[fig.9]Fig. 9 is a flowchart illustrating a process of the M step performed in step S14 by
the monitoring system.

[fig.10]Fig. 10 is a flowchart illustrating an information presenting process of
presenting information on a household electrical appliance #m, performed by the
monitoring system.

[fig.11]Fig. 11 is a diagram illustrating a display example of the power consumption U
(m performed in the information presenting process.

[fig.12]Fig. 12 is a block diagram illustrating a configuration example of the second
embodiment of the monitoring system to which the present technology is applied.
[fig.13]Fig. 13 is a flowchart illustrating a process of the E step performed in step S13
by the monitoring system.

[fig.14]Fig. 14 is a flowchart illustrating a process of the M step performed in step S14
by the monitoring system.

[fig.15]Fig. 15 is a block diagram illustrating a configuration example of the third em-
bodiment of the monitoring system to which the present technology is applied.
[fig.16]Fig. 16 is a diagram illustrating a method of obtaining the forward probability
ALPHA,, by applying a particle filter to a combination z of states of the FHMM.
[fig.17]Fig. 17 is a diagram illustrating a method of obtaining the backward probability
BETA,, by applying a particle filter to a combination z of states of the FHMM.
[fig.18]Fig. 18 is a diagram illustrating a method of obtaining the posterior probability
GAMMA,, by applying a particle filter to a combination z of states of the FHMM.
[fig.19]Fig. 19 is a flowchart illustrating a process of the E step performed in step S13
by the monitoring system.

[fig.20]Fig. 20 is a flowchart illustrating a process of the E step performed in step S13
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by the monitoring system.

[fig.21]Fig. 21 is a block diagram illustrating a configuration example of the fourth
embodiment of the monitoring system to which the present technology is applied.
[fig.22]Fig. 22 is a flowchart illustrating a process of the M step of step S14 performed
by the monitoring system imposing a load restriction.

[fig.23]Fig. 23 is a diagram illustrating the load restriction.

[fig.24]Fig. 24 is a diagram illustrating a base waveform restriction.

[fig.25]Fig. 25 is a flowchart illustrating a process of the M step of step S14 performed
by the monitoring system imposing the base waveform restriction.

[fig.26]Fig. 26 is a block diagram illustrating a configuration example of the fifth em-
bodiment of the monitoring system to which the present technology is applied.
[fig.27]Fig. 27 is a diagram illustrating an outline of talker separation by the
monitoring system which performs learning of the FHMM.

[fig.28]Fig. 28 is a block diagram illustrating a configuration example of the sixth em-
bodiment of the monitoring system to which the present technology is applied.
[fig.29]Fig. 29 is a flowchart illustrating a process of model learning (learning process)
performed by the monitoring system.

[fig.30]Fig. 30 is a block diagram illustrating a configuration example of an em-
bodiment of a computer to which the present technology is applied.

Description of Embodiments

<Qutline of Present Technology>

Fig. 1 is a diagram illustrating an outline of an embodiment of a monitoring system
to which a data processing apparatus of the present technology is applied. In some em-
bodiments, a monitoring system may be referred to as a smart meter.

In each household, power provided from an electric power company is drawn to a
distribution board (power distribution board) and is supplied to electrical appliances
such as household electrical appliances (connected to outlets) in the household.

The monitoring system to which the present technology is applied measures a sum
total of current which is consumed by one or more household electrical appliances in
the household in a location such as the distribution board, that is, a source which
supplies power to the household, and performs household electrical appliance
separation where power (current) consumed by individual household electrical
appliance such as, for example, an air conditioner or a vacuum cleaner in the
household, from a series of the sum total of current (current waveforms).

In addition, as input data which is input to the monitoring system, in addition to the
sum total of current itself consumed by each household electrical appliance, sum total

data regarding the sum total of current consumed by each household electrical
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appliance may be employed.

As the sum total data, a sum total of values which can be added may be employed.
Specifically, as the sum total data, in addition to the sum total of current itself
consumed by each household electrical appliance, for example, a sum total of power
consumed by each household electrical appliance, or a sum total of frequency
components obtained by performing FFT (Fast Fourier Transform) for waveforms of
current consumed by each household electrical appliance, may be employed.

In addition, in the household electrical appliance separation, information regarding
current consumed by each household electrical appliance can be separated from the
sum total data in addition to power consumed by each household electrical appliance.
Specifically, in the household electrical appliance separation, current consumed by
each household electrical appliance or a frequency component thereof can be separated
from the sum total data.

In the following description, as the sum total data, for example, a sum total of current
consumed by each household electrical appliance is employed, and, for example, a
waveform of current consumed by each household electrical appliance is separated
from waveforms of the sum total of current which is the sum total data.

Fig. 2 is a diagram illustrating an outline of the waveform separation learning
performing the household electrical appliance separation.

In the waveform separation learning, a current waveform Y, which is sum total data
at the time point t is set as an addition value (sum total) of a current waveform W of
current consumed by each household electrical appliance #m, and the current
waveform W™ consumed by each household electrical appliance #m is obtained from
the current waveform Y..

In Fig. 2, there are five household electrical appliances #1 to #5 in the household,
and, of the five household electrical appliances #1 to #5, the household electrical ap-
pliances #1, #2, #4 and #5 are in an ON state (state where power is consumed), and the
household electrical appliance #3 is in an OFF state (state where power is not
consumed).

For this reason, in Fig. 2, the current waveform Y, as the sum total data becomes an
addition value (sum total) of current consumption W, W@, W® and W® of the re-
spective household electrical appliances #1, #2, #4 and #5.

<First Embodiment of Monitoring System to Which Present Technology is Applied>

Fig. 3 is a block diagram illustrating a configuration example of the first embodiment
of the monitoring system to which the present technology is applied.

In Fig. 3, the monitoring system includes a data acquisition unit 11, a state estimation
unit 12, a model storage unit 13, a model learning unit 14, a label acquisition unit 15,

and a data output unit 16.
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The data acquisition unit 11 acquires a time series of current waveforms Y (current
time series) as sum total data, and a time series of voltage waveforms (voltage time
series) V corresponding to the current waveforms Y, so as to be supplied to the state
estimation unit 12, the model learning unit 14, and the data output unit 16.

In other words, the data acquisition unit 11 is constituted by a measurement device
(sensor) which measures, for example, current and voltage.

The data acquisition unit 11 measures the current waveform Y as a sum total of
current consumed by each household electrical appliance in which the monitoring
system is installed in the household, for example, in a distribution board or the like and
measures the corresponding voltage waveform V, so as to be supplied to the state es-
timation unit 12, the model learning unit 14, and the data output unit 16.

The state estimation unit 12 performs state estimation for estimating an operating
state of each household electrical appliance by using the current waveform Y from the
data acquisition unit 11, and overall models (model parameters thereof)

L

which are stored in the model storage unit 13 and are models of overall household
electrical appliances in which the monitoring system is installed in the household. In
addition, the state estimation unit 12 supplies an operating state
r

of each household electrical appliance which is an estimation result of the state es-
timation, to the model learning unit 14, the label acquisition unit 15, and the data
output unit 16.

In other words, in Fig. 3, the state estimation unit 12 has an evaluation portion 21 and
an estimation portion 22.

The evaluation portion 21 obtains an evaluation value E where the current waveform
Y supplied (to the state estimation unit 12) from the data acquisition unit 11 is
observed in each combination of states of a plurality of household electrical appliance
models #1 to #M forming the overall models
L4

stored in the model storage unit 13, so as to be supplied to the estimation portion 22.

The estimation portion 22 estimates a state of each of a plurality of household
electrical appliances #1 to #M forming the overall models
L

stored in the model storage unit 13, that is, an operating state
r

of a household electrical appliance indicated by the household electrical appliance
model #m (a household electrical appliance modeled by the household electrical

appliance model #m) by using the evaluation value E supplied from the evaluation
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portion 21, so as to be supplied to the model learning unit 14, the label acquisition unit
15, and the data output unit 16.

The model storage unit 13 stores overall models (model parameters)
¢

which are a plurality of overall models.

The overall models
¢

include household electrical appliance models #1 to #M which are M models
(representing current consumption) of a plurality of household electrical appliances.

The parameters
L4

of the overall models include a current waveform parameter indicating current con-
sumption for each operating state of a household electrical appliance indicated by the
household electrical appliance model #m.

The parameters
L

of the overall models may include, for example, a state variation parameter indicating
transition (variation) of an operating state of the household electrical appliance
indicated by the household electrical appliance model #m, an initial state parameter in-
dicating an initial state of an operating state of the household electrical appliance
indicated by the household electrical appliance model #m, and a variance parameter
regarding a variance of observed values of the current waveform Y which is observed
(generated) in the overall models.

The model parameters
¢

of the overall models stored in the model storage unit 13 are referred to by the
evaluation portion 21 and the estimation portion 22 of the state estimation unit 12, the
label acquisition unit 15, and the data output unit 16, and are updated by a waveform
separation learning portion 31, a variance learning portion 32, and a state variation
learning portion 33 of the model learning unit 14, described later.

The model learning unit 14 performs model learning for updating the model pa-
rameters
L

of the overall models stored in the model storage unit 13, using the current waveform
Y supplied from the data acquisition unit 11 and the estimation result (the operating
state of each household electrical appliance)
r

of the state estimation supplied from (the estimation portion 22 of) the state es-
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timation unit 12.

In other words, in Fig. 3, the model learning unit 14 includes the waveform
separation learning portion 31, the variance learning portion 32, and the state variation
learning portion 33.

The waveform separation learning portion 31 performs waveform separation learning
for obtaining (updating) a current waveform parameter which is the model parameter
¢

by using the current waveform Y supplied (to the model learning unit 14) from the
data acquisition unit 11 and the operating state
r

of each household electrical appliance supplied from (the estimation portion 22 of)
the state estimation unit 12, and updates the current waveform parameter stored in the
model storage unit 13 to a current waveform parameter obtained by the waveform
separation learning.

The variance learning portion 32 performs variance learning for obtaining (updating)
a variance parameter which is the model parameter
L

by using the current waveform Y supplied (to the model learning unit 14) from the
data acquisition unit 11 and the operating state
r

of each household electrical appliance supplied from (the estimation portion 22 of)
the state estimation unit 12, and updates the variance parameter stored in the model
storage unit 13 to a variance parameter obtained by the variance learning.

The state variation learning portion 33 performs state variation learning for obtaining
(updating) an initial state parameter and a state variation parameter which are the
model parameters
¢

by using the operating state
r

of each household electrical appliance supplied from (the estimation portion 22 of)
the state estimation unit 12, and updates the initial state parameter and the state
variation parameter stored in the model storage unit 13 to an initial state parameter and
a state variation parameter obtained by the variance learning.

The label acquisition unit 15 acquires a household electrical appliance label Lt for
identifying a household electrical appliance indicated by each household electrical
appliance model #m by using the operating state
r

of each household electrical appliance supplied from (the estimation portion 22 of)
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the state estimation unit 12, the overall models

¢

stored in the model storage unit 13, and the power consumption U™ of a household
electrical appliance of each household electrical appliance model #m, which is
obtained by the data output unit 16, as necessary, so as to be supplied to the data output
unit 16.

The data output unit 16 obtains power consumption U™ of a household electrical
appliance indicated by each household electrical appliance model #m by using the
voltage waveform V supplied from the data acquisition unit 11, the operating state
I'd

of each household electrical appliance supplied from (the estimation portion 22 of)
the state estimation unit 12, and the overall models stored in the model storage unit 13,
so as to be displayed on a display (not shown) and be presented to a user.

In addition, in the data output unit 16, the power consumption U™ of a household
electrical appliance indicated by each household electrical appliance model #m may be
presented to a user along with the household electrical appliance label L™ supplied
from the label acquisition unit 15.

In the monitoring system configured in the above-described way, as the overall
models stored in the model storage unit 13, for example, an FHMM (Factorial Hidden
Markov Model) may be employed.

Fig. 4 is a diagram illustrating the FHMM.

In other words, A of Fig. 4 shows a graphical model of a normal HMM, and B of Fig.
4 shows a graphical model of the FHMM.

In the normal HMM, at the time point t, a single observation value Y, is observed in a
single state S, which is at the time point t.

On the other hand, in the FHMM, at the time point t, a single observation value Y, is
observed in a combination of a plurality of states S, S@,, ..., and S™, which are at the
time point t.

The FHMM is a probability generation model proposed by Zoubin Ghahramani et al.,
and details thereof are disclosed in, for example, Zoubin Ghahramani, and Michael 1.
Jordan, Factorial Hidden Markov Models', Machine Learning Volume 29, Issue 2-3,
Nov./Dec. 1997 (hereinafter, also referred to as a document A).

Fig. 5 is a diagram illustrating an outline of the formulation of the household
electrical appliance separation using the FHMM.

Here, the FHMM includes a plurality of HMMs. Each HMM included in the FHMM
is also referred to as a factor, and an m-th factor is indicated by a factor #m.

In the FHMM, a combination of a plurality of states S®, to S™, which are at the time

point t is a combination of states of the factor #m (a set of a state of the factor #1, a
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state of the factor #2.,..., and a state of the factor #M).

Fig. 5 shows the FHMM where the number M of the factors is three.

In the household electrical appliance separation, for example, a single factor cor-
responds to a single household electrical appliance (a single factor is correlated with a
single household electrical appliance). In Fig. 5, the factor #m corresponds to the
household electrical appliance #m.

In the FHMM, the number of states forming a factor is arbitrary for each factor, and,
in Fig. 5, the number of states of each of the three factors #1, #2 and #3 is four.

In Fig. 5, at the time point t=t0, the factor #1 is in a state #14 (indicated by the thick
line circle) among four states #11, #12, #13 and #14, and the factor #2 is in a state #21
(indicated by the thick line circle) among four states #21, #22, #23 and #24. In
addition, at the time point t=t0, the factor #3 is in a state #33 (indicated by the thick
line circle) among four states #31, #32, #33 and #34.

In the household electrical appliance separation, a state of a factor #m corresponds to
an operating state of the household electrical appliance #m corresponding to the factor
#m.

For example, in the factor #1 corresponding to the household electrical appliance #1,
the state #11 corresponds to an OFF state of the household electrical appliance #1, and
the state #14 corresponds to an ON state in a so-called normal mode of the household
electrical appliance #1. In addition, in the factor #1 corresponding to the household
electrical appliance #1, the state #12 corresponds to an ON state in a so-called sleep
mode of the household electrical appliance #1, and the state #13 corresponds to an ON
state in a so-called power saving mode of the household electrical appliance #1.

In the FHMM, in a state #mi of the factor #m, a unique waveform W@, . which is a
unique waveform for each state of the factor is observed (generated).

In Fig. 5, in the factor #1, a unique waveform W, is observed in the state #14
which is at the time point t=t0, and, in the factor #2, a unique waveform W®,,, is
observed in the state #21 which in at the time point t=t0. Further, in the factor #3, a
unique waveform W®,; is observed in the state #33 which in at the time point t=t0.

In the FHMM, a synthesis waveform obtained by synthesizing unique waveforms
observed in states of the respective factors is generated as an observation value which
is observed in the FHMM.

Here, as the synthesis of unique waveforms, for example, a sum total (addition) of
the unique waveforms may be employed. In addition, as the synthesis of unique
waveforms, for example, weight addition of the unique waveforms or logical sum (a
case where a value of unique waveforms is 0 and 1) of the unique waveforms may be
employed, and, in the household electrical appliance separation, a sum total of unique

waveforms is employed.
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[0085]  In the learning of the FHMM, model parameters of the FHMM are obtained
(updated) such that current waveforms Y.y, Yo, 1,... are observed which are sum total
data at the respective time points t=..., t0, t1,... in the FHMM.

[0086]  In a case of employing the above-described FHMM as the overall models
¢

stored in the model storage unit 13 (Fig. 3), a household electrical appliance model
#m forming the overall models
¢

corresponds to the factor #m.

[0087] In addition, as the number M of factors of the FHMM, a value larger than the
maximum number of household electrical appliances expected as existing in a
household by a predetermined amount which is a margin is employed.

[0088] In addition, the FHMM as the overall models
¢

employs an FHMM where each factor has three or more states.

[0089] This is because, in a case where a factor has only two state, only two states of, for
example, an OFF state and an ON state are represented as operating states of a
household electrical appliance corresponding to the factor, and it is difficult to obtain
accurate power consumption with respect to a household electrical appliance
(hereinafter, also referred to as a variable load household electrical appliance) such as
an air conditioner of which power (current) consumption varies depending on modes or
settings.

[0090] That is to say, if the FHMM as the overall models
¢

employs an FHMM where each factor has three or more states is employed, it is
possible to obtain power consumption or the like with reference to the variable load
household electrical appliance.

[0091]  In a case where the FHMM is employed as overall models
¢,

a simultaneous distribution P({S,,Y,}) of a series of the current waveform Y,
observed in the FHMM and a combination S, of a state S, of the factor #m is
calculated using Math (1) assuming the Markov property.

[0092] [Math.1]

i
PUSLYeh) = PISOPIY IS TIPS I8Py iSe)
WL

. (D
[0093] Here, the simultaneous distance P({S,Y,}) indicates the probability that the current

waveform Y, is observed in a combination (a combination of states of M factors) S, of
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a state S, of the factor #m at the time point t.

P(S,) indicates the initial state probability which is in a combination S, of a state St
of the factor #m is in at the initial time point t=1.

P(S{S.)) indicates the transition probability that a factor is in a combination S ; of
states at the time point t-1 and transitions to a combination S, of states at the time point
t.

P(YIS,) indicates the observation probability that the current waveform Y, is
observed in the combination S, of states at the time point t.

The combination S, of states at the time point t is a combination of states S», S@,, ...,
and S™, at the time point t of M factors #1 to #M, and is represented by the Math S,
={S®, SO, ..., and SM,}.

In addition, an operating state of the household electrical appliance #m is assumed to
vary independently from another household electrical appliance #m', and a state S™, of
the factor #m transitions independently from a state S™; of another factor #m'.

Further, the number K™ of states of an HMM which is the factor #m of the FHMM
may employ the number independent from the number K™ of states of an HMM
which is another factor #m'. However, here, for simplicity of description, the numbers
K® to KM of the factors #1 to #M are the same number K as indicated by the Math K
D=K@=... =KM=K.

In the FHMM, the initial state probability P(S;), the transition probability P(S,S.,),
and the observation probability P(Y|S;) which are necessary to calculate the si-
multaneous distance P({S,,Y,}) in Math (1) may be calculated as follows.

That is to say, the initial state probability P(S,) may be calculated according to Math
(2).

[Math.2]

P(S,) = mﬁp(sﬂ"")

. (2)

Here, P(S™) indicates the initial state probability that the state S™, of the factor #m
is a state (initial state) which is at the initial time point t=1.

The initial state probability P(S®™)) is, for example, a column vector of K rows (a
matrix of K rows and one column) which has an initial state probability in the k-th
(where k=1, 2...., and K) state of the factor #m as a k-th row component.

The transition probability P(S/S,,) may be calculated according to Math (3).
[Math.3]

L
P(SlSt—q) = [rip(s‘tmjlsi_'“llj

. (3)
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[0115]
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[0117]
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Here, P(S™|S™, ;) indicates the transition probability that the factor #m is in a state S
(m),_; at the time point t-1 and transitions to a state St at the time point t.

The transition probability P(S®™|S® ) is, for example, a matrix (square matrix) of K
rows and K columns which has a transition probability that the factor #m transitions
from the k-th state #k to the k'-th (where k'=1, 2.,..., and K) state #k' as a k-th row and
k'-th column component.

The observation probability P(Y|S,) may be calculated according to Math (4).
[Math.4]

“~

o N
POYS0 = 077 (2 ™ exp ¢ ~»§-<thm>’ CT Y gl
3 N

.4

Here, the dash (') indicates transposition, and the superscript -1 indicates an inverse
number (inverse matrix). Further, |C| indicates an absolute value (determinant)
(determinant calculation) of C.

Further, D indicates a dimension of the observation value Y..

For example, the data acquisition unit 11 in Fig. 3 samples a current corresponding to
one cycle (1/50 seconds or 1/60 seconds) with a predetermined sampling interval using
zero crossing timing when a voltage is changed from a negative value to a positive
value as timing when a phase of a current is 0, and outputs a column vector which has
the sampled values as components, as the current waveform Y, corresponding to one
time point.

If the number of samplings where the data acquisition unit 11 samples a current cor-
responding to one cycle is D, the current waveform Y, is a column vector of D rows.

According to the observation probability P(Y |S,) of Math (4), the observation value
Y, follows the normal distribution where a variance (covariance matrix) is C when an
average value (average vector) is
[THR

The average value
K

is, for example, a column vector of D rows which is the same as the current
waveform Y, and the variance C is, for example, a matrix (a matrix of which diagonal
components are a variance) of D rows and D columns.

The average value
|5

is represented by Math (5.1) using the unique waveform W® described with
reference to Fig. 5.

[Math.5.1]

L]
My = z

m=1
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.. (5.1
[Math.5.2]
P8, 1 0™ ) P Exp {21 (- )+ MSEA O3

.. (5.2)

Observation Probability P(Y|S,) may also be calculated according to Math (5.2),
where
[S5:#0]

is a number of non-zero states(states with non-zero data output) in all factors, and
lambda is a positive penalty to observation error. This additional term will control to
minimize the number of non-zero states.

Here, if a unique waveform of the state #k of the factor #m is indicated by unique
waveform W, a unique waveform W), of the state #k of the factor #m is, for
example, a column vector of D rows which is the same as the current waveform Y..

In addition, the unique waveform W® is a collection of the unique waveforms W,
W, ..., and W@y of the respective states #1, #2#,..., and #K of the factor #m, and is a
matrix of D rows and K columns which has a column vector which is the unique
waveform W), of the state #k of the factor #m as the k-th component.

In addition, S*™), indicates a state of the factor #m which is at the time point t, and,
hereinafter, S*™ is also referred to as a present state of the factor #m at the time point
t. The present state S*™, of the factor #m at the time point t is, for example, as shown
in Math (6), a column vector of K rows where a component of only one row of K rows
is 0, and components of the other rows are 0.

[Math.6]
0

S = |

.. (6)

In a case where a state of the factor #m at the time point t is the state #k, in a column
vector S*™, of K rows which is the present state S*™, at the time point t, only the k-th
row component is 1, and the other components are 0.

According to Math (5.1), a sum total of the unique waveform W, of the state #k of
each factor #m at the time point t is obtained as the average value
|5

of the current waveform Y, at the time point t.

The model parameters

¢
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[0128]

[0129]

[0130]

[0131]

[0132]

of the FHMM are the initial state probability P(S™)) of Math (2), the transition
probability P(S™|St™, ;) of Math (3), the variance C of the Math (4), and the unique
waveform W (=W, W, and W) of Math (5.1), and the model parameters
¢

of the FHMM are obtained in the model learning unit 14 of Fig. 3.

In other words, the waveform separation learning portion 31 obtains the unique
waveform W™ as a current waveform parameter through the waveform separation
learning. In the variance learning portion 32, the variance C is obtained as a variance
parameter through the variance learning. The state variation learning portion 33 obtains
the initial state probability P(S®™;) and the transition probability P(St/St, ) as an
initial state probability and a state variation parameter through the station variation
learning.

Here, as described above, for example, even if operating states of each household
electrical appliance are two states of ON and OFF, in a case of representing (a com-
bination of) operating states of twenty household electrical appliances by using a
normal HMM, the number of states of HMMs is 22°=1,048,576, and the number of
transition probabilities is 1,099,511,627,776 which is the square thereof.

On the other hand, according to the FHMM, M household electrical appliances of
which operating states are only two states of ON and OFF can be represented by M
factors each factor of which has two states. Therefore, since, in each factor, the number
of states is two, and the number of transition probabilities is four which is the square
thereof, in a case of representing operating states of household electrical appliances
(factors) of M=20 using the FHMM, the number (total number) of states of the FHMM
is
40=2x20

which is small, and the number of transition probabilities is
80=4x20

which is also small.

The learning of the FHMM, that is, update of the initial state probability P(S™), the
transition probability P(S®)|St, ), the variance C, and the unique waveform W
which are the model parameters
L

of the FHMM, may be performed, for example, according to an EM
(Expectation-Maximization) algorithm as disclosed in the document A.

In the learning of the FHMM using the EM algorithm, a process of the E step and a
process of M step are alternately repeated in order to maximize an expected value
(™" 1)

of a conditional complete data log likelihood of Math (7).
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[0133] [Math.7]
B6™6) = E{logP{{Se ¥ 1™ )l 1S, Yot
. (7)
[0134] Here, the expected value
("™ 1)

[0135]

[0136]

[0137]

[0138]

of the conditional complete data log likelihood means an expected value of the log
likelihood
log (P ({Se, Y} 147°%))

that the complete data {S,,Y.,} is observed under new model parameters
o

in a case where the complete data {S,,Y,} is observed under the model parameters
¢.

In a process of the E step of the EM algorithm, (a value corresponding to) an
expected value
Q9™ 19)

of the conditional complete data log likelihood of Math (7) is obtained, in a process
of the M step of the EM algorithm, new model parameters
o

for further increasing the expected value
Q™" 1¢)

obtained through the process of the E step are obtained, and the model parameters
¢

are updated to the new model parameters
e

(for further increasing the expected value
o*"1d)) -

Fig. 6 is a flowchart illustrating a process of learning (learning process) of the
FHMM according to the EM algorithm, performed by the monitoring system (Fig. 3).

In step S11, the model learning unit 14 initializes the initial state probability P(St™;),
the transition probability P(S®™ St ), the variance C, and the unique waveform W
which are the model parameters
¢

of the FHMM stored in the model storage unit 13, and the process proceeds to step
S12.

Here, a k-th row component of the column vector of K rows which is the initial state
probability P(St™), that is, a k-th initial state probability

“(-,k
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[0139]

[0140]

[0141]

[0142]

[0143]

[0144]

[0145]

[0146]

[0147]

of the factor #m is initialized to, for example, 1/K.

An i-th row and j-th column component (where 1 and j=1, 2...., and K) of the matrix
of K rows and K columns which is the transition probability P(S®™ S, ), that is, the
transition probability P, that the factor #m transitions from the i-th state #i to the j-th
state #j is initialized using random numbers so as to satisfy a Math P, 4+P@), -+ . 4P
i,K=1-

The matrix of D rows and D columns which is the variance C is initialized to, for
example, a diagonal matrix of D rows and D columns where diagonal components are
set using random numbers and the other components are 0.

A k-th column vector of the matrix of D rows and K columns which is the unique
waveform W, that is, each component of the column vector of D rows which is the
unique waveform W@, of the state #k of the factor #m is initialized using, for
example, random numbers.

In step S12, the data acquisition unit 11 acquires current waveforms corresponding to
a predetermined time T and supplies current waveforms at the respective time points
t=1, 2,..., and T to the state estimation unit 12 and the model learning unit 14 as mea-
surement waveforms Y, Y»,..., and Yr, and the process proceeds to step S13.

Here, the data acquisition unit 11 also acquires voltage waveforms along with the
current waveforms at the time points t=1, 2,..., and T. The data acquisition unit 11
supplies the voltage waveforms at the time points t=1, 2,..., and T to the data output
unit 16.

In the data output unit 16, the voltage waveforms from the data acquisition unit 11
are used to calculate power consumption.

In step S13, the state estimation unit 12 performs the process of the E step using the
measurement waveforms Y, to Y from the data acquisition unit 11, and the process
proceeds to step S14.

In other words, in step S13, the state estimation unit 12 performs state estimation for
obtaining a state probability or the like which is in each state of each factor #m of the
FHMM stored in the model storage unit 13 by using the measurement waveforms Y, to
Y from the data acquisition unit 11, and supplies an estimation result of the state es-
timation to the model learning unit 14 and the data output unit 16.

Here, as described with reference to Fig. 5, in the household electrical appliance
separation, a state of the factor #m corresponds to an operating state of the household
electrical appliance #m corresponding to the factor #m. Therefore, the state probability
in the state #k of the factor #m of the FHMM indicates an extent that an operating state
of the household electrical appliance #m is the state #k, and thus it can be said that the
state estimation for obtaining such a state probability is to obtain (estimate) an

operating state of a household electrical appliance.
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[0155]

In step S14, the model learning unit 14 performs the process of the M step using the
measurement waveforms Y, to Y from the data acquisition unit 11 and the estimation
result of the state estimation from the state estimation unit 12, and the process proceeds
to step S15.

In other words, in step S14, the model learning unit 14 performs learning of the
FHMM of which each factor has three or more state, stored in the model storage unit
13 by using the measurement waveforms Y, to Yy from the data acquisition unit 11
and the estimation result of the state estimation from the state estimation unit 12,
thereby updating the initial state probability
a™,,

the transition probability P™;;, and the variance C, and the unique waveform W,

which are the model parameters
o

of the FHMM stored in the model storage unit 13.

In step S15, the model learning unit 14 determines whether or not a convergence
condition of the model parameters
¢

is satisfied.

Here, as the convergence condition of the model parameters
¢,

for example, a condition in which the processes of the E step and the M step are re-
peatedly performed a predetermined number of times set in advance, or a condition
that a variation amount in the likelihood that the measurement waveforms Y, to Y are
observed before update of the model parameters
¢

and after update thereof in the FHMM is in a threshold value set in advance, may be
employed.

In step S15, if it is determined that the convergence condition of the model pa-
rameters
o

is not satisfied, the process returns to step S13, and, thereafter, the same process is re-
peatedly performed.

Further, if it is determined that the convergence condition of the model parameters
o

is satisfied in step S15, the learning process finishes.

Fig. 7 is a flowchart illustrating a process of the E step performed in step S13 of Fig.
6 by the monitoring system of Fig. 3.

In step S21, the evaluation portion 21 obtains the observation probability P(YIS,) of
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Math (4) as an evaluation value E with respect to each combination S, of states at the
time points t={1, 2,..., and T} by using the variance C of the FHMM as the overall
models

¢

stored in the model storage unit 13, the unique waveform W, and the measurement
waveforms Y ={Y, Y,..., and Y} from the data acquisition unit 11, so as to be
supplied to the estimation portion 22, and the process proceeds to step S22.

In step S22, the estimation portion 22 obtains the forward probability
A, -

(ALPHA,,)that the measurement waveforms Y, Y,...., and Y, are measured and
which is in a combination (a combination of a state of the factor #1, a state of the
factor #2,..., and a state of the factor #M at the time point t) z of states at the time point
t, by using the observation probability P(Y||S;) from the evaluation portion 21, and the
transition probability Pt;; (and the initial state probability
n(m))

ofp™ the FHMM as the overall models
¢

stored in the model storage unit 13, and the process proceeds to step S23.

Here, a method of obtaining a forward probability of an HMM is disclosed in, for
example, p. 336 of C. M. Bishop "Pattern Recognition And Machine Learning (II):
Statistical Inference based on Bayes Theory", Springer Japan, 2008 (hereinafter, also
referred to as a document B).

The forward probability
o,

may be obtained according to, for example, the recurrence formula
@,; = Xt 1. (2|W)P (Y] Z)

using the forward probability
A1, w

before one time point.

In the recurrence formula
O,z = X0 1,wP(z|W)P{Y|2), X

indicates summation taken by changing w to all the combinations of states of the
FHMM.

In addition, in the recurrence formula
o, = 2o 1P (ZIW)P(Yc]Z),

w indicates a combination of states at the time point t-1 before one time point. P(zlw)
indicates the transition probability that a factor is in the combination w of states at the

time point t-1 and transitions to the combination z of states at the time point t. P(Y |z)
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[0167]

indicates the observation probability that the measurement waveform Y, is observed in

the combination z of states at the time point t.

In addition, as an initial value of the forward probability
ar.,z'
that is, the forward probability
al,z
at the time point t=1, a product of the initial state probability
i
of the state #k of each factor #m forming the combination z of states.
In step S23, the estimation portion 22 obtains the backward probability

B:.-

(BETA,,) which is in the combination z of states at the time point t and, thereafter,
that the measurement waveforms Y,, Y,..., and Y are observed, by using the ob-
servation probability P(YS,) from the evaluation portion 21, and the transition
probability P;; of the FHMM as the overall models
¢

stored in the model storage unit 13, and the process proceeds to step S24.

Here, a method of obtaining the backward probability of an HMM is disclosed, for
example, in page 336 of the above-described document B.

The backward probability
B..~

may be obtained according to the recurrence formula
Be,- = EZP(Ye|z) P(z]W)Pria, v

using the forward probability
Boia,w

after one time point.

In the recurrence formula
Be.z = ZP(Ye|z) P(z|W)Prir,w, X

indicates summation taken by changing w to all the combinations of states of the
FHMM.

Further, in the recurrence formula
P,z = 2P (Ye|2) P(w]|z)Brrrw, w

indicates a combination of states at the time point t+1 after one time point. P(zlw)
indicates the transition probability that a factor is in the combination z of states at the
time point t and transitions to the combination w of states at the time point t+1. P(Yz)
indicates the observation probability that the measurement waveform Y, is observed in
the combination z of states at the time point t.

In addition, as an initial value of the backward probability
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[0168]

[0169]

[0170]

[0171]

Be.z,
that is, the backward probability
Br.-
at the time point t=T, 1 is employed.
In step S24, the estimation portion 22 obtains a posterior probability
Ye.=
which is in the combination z of states at the time point t in the FHMM as the overall
models
o
according to Math (8) by using the forward probability
a.,.
and the backward probability
B2,
and process proceeds to step S25.
[Math.8]

o, B+,

z a’t‘wﬁt,w

WESt

. (8)
Here,
x

Yz~

of the denominator of the right side of Math (8) indicates summation taken by
changing w to all the combinations S, of states which can be taken at the time point t.
According to Math (8), the posterior probability
Yo,z
is obtained by normalizing a product
L |
of the forward probability
O,z
and the backward probability
B:.-
with a sum total
2o, P, v
of the product
O, P, v

for combinations

weE St

of states which can be taken by the FHMM.
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In step S25, the estimation portion 22 obtains the posterior probability <S> that the
factor #m is in the state St at the time point t and the posterior probability <S™,S® ">
that the factor #m is in the state S™, and another factor #n is in the state S®, at the time
point t, by using the posterior probability
Y, zr

and the process proceeds to step S26.

Here, the posterior probability <S®™ > may be obtained according to Math (9).
[Math.9]
™M= 37,

28" (n=m)
. (9

According to Math (9), the posterior probability <S™,> that the factor #m is in the
state S, at the time point t is obtained by marginalizing the posterior probability
Tz

in the combination z of state at the time point t with respect to the combination z of
states which does not include states of the factor #m.

In addition, the posterior probability <S®™> is, for example, a column vector of K
rows which has a state probability (posterior probability) that the factor #m is in the k-
th state of K states thereof at the time point t as a k-th row component.

The posterior probability <S®,S®> may be obtained according to Math (10).
[Math.10]

(Ps) = I,
ze8{P(r=nar=n)

.. (10)

According to Math (10), the posterior probability <S®,S®,"> that the factor #m is in
the state S™, and another factor #n is in the state S™), at the time point t is obtained by
marginalizing the posterior probability
Te,2

in the combination z of states at the time point t with respect to the combination z of
state which does not include any of states of the factor #m and states of the factor #n.

In addition, the posterior probability <S™ S®,"> is, for example, a matrix of K rows
and K columns which has a state probability (posterior probability) in the state #k of
the factor #m and the state #k' of another factor #n as a k-th row and k'-th column
component.

In step S26, the estimation portion 22 obtains the posterior probability <Stm, ;S ">
that the factor #m is in the state S®™,; at the time point t-1 and is in the state St™, at the

nex time point t, by using the forward probability
u'I:,ZIr
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[0185]

[0186]

[0187]

the backward probability

Be,zr

the transition probability P(zlw), and the observation probability P(YIS,) from the
evaluation portion 21.

In addition, the estimation portion 22 supplies the posterior probabilities <S™,>, <S
m),S™"> and <S™)_;S®™"> to the model learning unit 14, the label acquisition unit 15,
and the data output unit 16 as an estimation result of the state estimation, and returns
from the process of the E step.

Here, the posterior probability <S®™,_,S™,"> may be obtained according to Math (11).
[Math.11]

20 o PLZIOPY, ) By,

\cf-*s‘t’) 1.2 G?Sf,('}(::xm-"\r%-ui)

Lo JaWPR D &,

weEly o, ey

Folt o™y
By )=

.. (1)

In calculation of the posterior probability <St, ;S > of Math (11), the transition
probability P(zlw) that a factor transitions from the combination w of states to the com-
bination z of states is obtained as a product
PPy imx PPy j@%e XB™ ip 500

of the transition probability P, ., from the state #i(1) of the factor #1 forming the
combination w of states to the state #j(1) of the factor #1 forming the combination z of
states, the transition probability P®,, .., from the state #i(2) of the factor #2 forming
the combination w of states to the state #j(2) of the factor #2 forming the combination
z of states,..., and the transition probability P™;;ar, from the state #i(M) of the factor
#M forming the combination w of states to the state #j(M) of the factor #M forming the
combination z of states, according to Math (3).

In addition, the posterior probability <S®);S®)"> is, for example, a matrix of K rows
and K columns which has a state probability (posterior probability) that the factor #m
is in the state #i at the time point t-1, and is in the state j at the next time point t as an i-
th row and j-th column component.

Fig. 8 is a diagram illustrating a relationship between the forward probability
o,z

and the backward probability
Be.z

of the FHMM, and the forward probability
L T

(ALPHA,;, and the backward probability
Be.;

(BETA,)) of a (normal) HMM.
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[0190]

[0191]

[0192]
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[0196]

[0197]

In relation to the FHMM, an HMM equivalent to the FHMM can be configured.

An HMM equivalent to a certain FHMM has states corresponding to the combination
z of states of respective factors of the FHMM.

In addition, the forward probability
e,z

and the backward probability
Be.-

of the FHMM conform to the forward probability
@ ;5

and the backward probability
Be..s

of the HMM equivalent to the FHMM.

A of Fig. 8 shows an FHMM including the factors #1 and #2 each of which has two
states #1 and #2.

In the FHMM of A of Fig. 8, as a combination z=[kk'] of the state #k of the factor #1
and the state #k' of the factor #2, there are four combinations, a combination [1,1] of
the state #1 of the factor #1 and the state #1 of the factor #2, a combination [1,2] of the
state #1 of the factor #1 and the state #2 of the factor #2, a combination [2,1] of the
state #2 of the factor #1 and the state #1 of the factor #2, and a combination [2,2] of the
state #2 of the factor #1 and the state #2 of the factor #2.

B of Fig. 8 shows an HMM equivalent to the FHMM of A of Fig. 8.

The HMM of B of Fig. 8 has four states #(1,1), #(1,2) #(2,1) #(2,2) which re-
spectively correspond to the four combinations [1,1], [1,2], [2,1], and [2,2] of the states
of the FHMM of A of Fig. 8.

In addition, the forward probability
S,z = {0 pass B, e Qe 2,30 B g}

of the FHMM of A of Fig. 8 conforms to the forward probability
Qi = {G, 0,0, % 0,2) 0, (2,100 G, (2,2}

of the HMM of B of Fig. 8.

Similarly, the backward probability
Be.z = {Bc.ir,11-Be, 21y Broizounr Broizz1}

of the FHMM of A of Fig. 8 conforms the forward probability
Be,i = {Be,a.nr Br,a.2sPe e Bezar}

of the HMM of B of Fig. 8.

For example, the denominator of the right side of the above-described Math (8), that
is, the sum total
o, e, «

of the product
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[0199]

[0200]

[0201]

[0202]

[0203]

@, ufle, v

for combinations

we St

of states which can be taken by the FHMM is indicated by the Math

Eop, ofe,v=0:, 1,11 Be, (1,114, 11,21
Be, 11,2140, 12,11 Pe, 12,110, 12,21 Be, 12,21

for the FHMM of A of Fig. 8.

Fig. 9 is a flowchart illustrating a process of the M step performed in step S14 of Fig.
6 by the monitoring system of Fig. 3.

In step S31, the waveform separation learning portion 31 performs the waveform
separation learning by using the measurement waveform Y, from the data acquisition
unit 11, and the posterior probabilities <S®™> and <S™,S®'> from the estimation
portion 22, so as to obtain an update value Wrew of the unique waveform W, and
updates the unique waveform W@ stored in the model storage unit 13 to the update
value Wemrew and the process proceeds to step S32.

In other words, the waveform separation learning portion 31 calculates Math (12) as
the waveform separation learning, thereby obtaining the update value Wmrew of the
unique waveform W,

[Math.12]

¥
T T
W = [tglvt<s;>][t§1<st s;>]

.. (12)

Here, Wrv is a matrix of D rows and
KxM

columns in which the update value W@rew of the unique waveform W™ of the factor
#m which is a matrix of D rows and K columns is arranged in order of the factor (index
thereof) #m from the left to the right. A column vector of (m-1)K-+k columns of the
unique waveform (update value thereof) Wre¥ which is a matrix of D rows and
KxM

columns is a unique waveform W@, (update value thereof) of the state #k of the
factor #m.

<S> is a row vector of

KxM

columns obtained by transposing a column vector of
KxM

rows in which the posterior probability <S™,> which is a column vector of K rows is
arranged in order of the factor #m from the top to the bottom. A ((m-1)K+k)-th column

component of the posterior probability <S,"> which is the row vector of
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[0204]

[0205]
[0206]
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[0210]

KxM
columns is a state probability which is in the state #k of the factor #m at the time point
t.

<S,S,> is a matrix of

KxM

rows and
KxM

columns in which the posterior probability <S®™,S®> which is a matrix of K rows
and K columns is arranged in order of the factor #m from the top to the bottom and is
arranged in order of the factor #n from the left to the right. A ((m-1)K+k)-th row and
((n-1)K+k'")-th column component of the posterior probability <S,S,> which is a matrix
of
KxM

rows and
KxM

columns is a state probability which is in is in the state #k of the factor #m and is in
the state #k' of another factor #n at the time point t.

The superior asterisk (*) indicates an inverse matrix or a pseudo-inverse matrix.

According to the waveform separation learning for calculating Math (12), the mea-
surement waveform Y, is separated into a unique waveform W® such that an error
between the measurement waveform Y, and the average value
PSR ™ g* ™

of Math (5.1) becomes as small as possible.

In step S32, the variance learning portion 32 performs the variance learning by using
the measurement waveform Y, from the data acquisition unit 11, the posterior
probability <S®,> from the estimation portion 22, and the unique waveform W
stored in the model storage unit 13, so as to obtain an update value Crv of the variance
C, and updates the variance C stored in the model storage unit 13, and the process
proceeds to step S33.

In other words, the variance learning portion 32 calculates Math (13) as the variance
learning, thereby obtaining the update value Crv of the variance C.

[Math.13]

.. (13)

In step S33, the state variation learning portion 33 performs the station variation
learning by using the posterior probabilities <S™,> and <S®,S@™)"> from the estimation

portion 22 so as to obtain an update value P, ;»v of the transition probability Pt™;; and
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[0211]

[0212]

[0213]

[0214]

[0215]

[0216]

an update value

T {m) new

of the initial state probability

o m ,

and updates the transition probability P®;; and the initial state probability
Y

stored in the model storage unit 13 to the update value P@™); »% of the update value
immew
and the process returns from the process of the M step.

In other words, the state variation learning portion 33 calculates Math (14) and (15)
as the state variation learning, thereby obtaining the update value P, 2 of the
transition probability P®™;; and the update value

T {m) new

of the initial state probability

™.

[Math.14]

| el

(s, )
P(im)jnew _t 2T
' sm.
té,?( t 1.|>
.. (14)
[Math.15]

7 minew _ <S(1rr0>

.. (15)

Here, <S™_;;St™), > is an i-th row and j-th column component of the posterior
probability <S®_ ;S "> which is a matrix of K rows and K columns, and indicates a
state probability that the factor #m is in the state #i at the time point t-1 and is in the
state #j at the next time point t.

<S> is an i-th row component of the posterior probability <S®™,_> which is a
column vector of K rows, and indicates a state probability that the factor #m is in the
state #i at the time point t-1.
™ (giminew)

is a column vector of K rows which has (the update value
n™ "= 1)

the initial state probability
n (m) .

of the state #k of the factor #m as a k-th row component.
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Fig. 10 is a flowchart illustrating an information presenting process of presenting in-
formation on a household electrical appliance #m, performed by the monitoring system
(Fig. 3).

In step S41, the data output unit 16 obtains power consumption U™ of each factor
#m by using the voltage waveform (a voltage waveform corresponding to the mea-
surement waveform Y, which is a current waveform) V, from the data acquisition unit
11, the posterior probability <St™,> which is the estimation result of the state es-
timation from the state estimation unit 12, and the unique waveform W@ stored in the
model storage unit 13, and the process proceeds to step S42.

Here, the data output unit 16 obtains the power consumption U, of the household
electrical appliance #m corresponding to the factor #m at the time point t by using the
voltage waveform V., at the time point t and the current consumption A, of the
household electrical appliance #m corresponding to the factor #m at the time point t.

In the data output unit 16, the current consumption A, of the household electrical
appliance #m corresponding to the factor #m at the time point t may be obtained as
follows.

That is to say, for example, in the factor #m, the data output unit 16 obtains the
unique waveform W® of the state #k where the posterior probability <S®,> is the
maximum, as the current consumption A, of the household electrical appliance #m cor-
responding to the factor #m at the time point t.

In addition, the data output unit 16 obtains weighted addition values of the unique
waveforms W, W, and Wy of each state of the factor #m using the state
probability of each state of the factor #m at the time point t which is a component of
the posterior probability <S> which is a column vector of K columns as a weight, as
the current consumption A, of the household electrical appliance #m corresponding to
the factor #m at the time point t.

In addition, if the learning of the FHMM progresses, and the factor #m becomes a
household electrical appliance model which appropriately represents the household
electrical appliance #m, in relation to the state probability of each state of the factor #m
at the time point t, the state probability of a state corresponding to an operating state of
the household electrical appliance #m at the time point t becomes nearly 1, and the
state probabilities of the remaining (K-1) states become nearly 0.

As aresult, in the factor #m, the unique waveform W of the state #k where the
posterior probability <S®™ > is the maximum is substantially the same as the weighted
addition values of the unique waveforms W, W, and W of each state of the
factor #m using the state probability of each state of the factor #m at the time point t as
a weight.

In step S42, the label acquisition unit 15 acquires a household electrical appliance
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label L™ for identifying a household electrical appliance #m indicated by each
household electrical appliance model #m, that is, a household electrical appliance #m
corresponding to each factor #m of the FHMM, so as to be supplied to the data output
unit 16, and, the process proceeds to step S43.

Here, the label acquisition unit 15 may display, for example, the current consumption
A, or the power consumption U™ of the household electrical appliance #m corre-
sponding to each factor #m, obtained in the data output unit 16, and a use time slot of
the household electrical appliance #m recognized from the power consumption U™,
receive the name of a household electrical appliance matching the current consumption
A, or the power consumption U™, and the use time slot from a user, and acquire the
name of the household electrical appliance input by the user as the household electrical
appliance label L.

Further, the label acquisition unit 15 may prepare for a database in which, with
respect to various household electrical appliances, attributes such as power con-
sumption thereof, a current waveform (current consumption), and a use time slot are
registered in correlation with names of the household electrical appliances in advance,
and acquire the name of a household electrical appliance correlated with the current
consumption A, or the power consumption U™ of the household electrical appliance
#m corresponding to each factor #m, obtained in the data output unit 16, and a use time
slot of the household electrical appliance #m recognized from the power consumption
U, as the household electrical appliance label L&,

In addition, in the label acquisition unit 15, in relation to the factor #m corresponding
to the household electrical appliance #m of which the household electrical appliance
label L™ has already been acquired and supplied to the data output unit 16, the process
in step S42 may be skipped.

In step S43, the data output unit 16 displays the power consumption U™ of each
factor #m on a display (not shown) along with the household electrical appliance label
L of each factor #m so as to be presented to a user, and the information presenting
process finishes.

Fig. 11 is a diagram is a diagram illustrating a display example of the power con-
sumption U™, performed in the information presenting process of Fig. 10.

The data output unit 16 displays, for example, as shown in Fig. 11, a time series of
the power consumption U™ of the household electrical appliance #m corresponding to
each factor #m on a display (not shown) along with the household electrical appliance
label L™ such as the name of the household electrical appliance #m.

As described above, the monitoring system performs learning of the FHMM for
modeling an operating state of each household electrical appliance using the FHMM of

which each factor has three or more states, and thus it is possible to obtain accurate
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power consumption or the like with respect to a variable load household electrical
appliance such as an air conditioner of which power (current) consumption varies
depending on modes, settings, or the like.

In addition, since, in the monitoring system, a sum total of current consumed by each
household electrical appliance in a household is measured in a location such as a dis-
tribution board, and thereby power consumption of each household electrical appliance
in the household can be obtained, it is possible to easily realize "visualization" of
power consumption of each household electrical appliance in the household in terms of
both costs and efforts as compared with a case of installing a smart tap in each outlet.

In addition, by the "visualization" of power consumption of each household electrical
appliance in a household, for example, it is possible to raise the awareness of power
saving in the household.

Further, power consumption of each household electrical appliance in a household
obtained by the monitoring system is collected by, for example, a server, and, a use
time slot of the household electrical appliance, and further a life pattern may be
estimated from the power consumption of the household electrical appliances of each
household and be helpful in marketing and the like.

<Second Embodiment of Monitoring System to Which Present Technology is
Applied>

Fig. 12 is a block diagram illustrating a configuration example of the second em-
bodiment of the monitoring system to which the present technology is applied.

In addition, in the figure, portions corresponding to the case of Fig. 3 are given the
same reference numerals, and, hereinafter, description thereof will be appropriately
omitted.

The monitoring system of Fig. 12 is common to the monitoring system of Fig. 3 in
that the data acquisition unit 11 to the data output unit 16 are provided.

However, the monitoring system of Fig. 12 is different from the monitoring system
of Fig. 3 in that an individual variance learning portion 52 is provided instead of the
variance learning portion 32 of the model learning unit 14.

In the variance learning portion 32 of Fig. 3, a single variance C is obtained for the
FHMM as overall models in the variance learning, but, in the individual variance
learning portion 52 of Fig. 12, an individual variance
o

is obtained for the FHMM as overall models in the variance learning for each factor
#m or for each state #k of each factor #m.

Here, in a case where the individual variance

o™

is an individual variance for each state #k of each factor #m, the individual variance
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o™

is, for example, a row vector of K columns which has a variance
G(m)k
of the state #k of the factor #m as a k-th column component.

In addition, hereinafter, for simplicity of description, in a case where the individual
variance
o

is an individual variance for each factor #m, all the components

(m) (m) m)

o 1s O 27, and o ! K

of the row vector of K columns which is the individual variance
o

are set to the same value (the same scalar value as a variance for the factor #m, or a
(covariance) matrix) common to the factor #m, and thereby the individual variance
o

which is separate for each factor #m is treated to be the same as the individual
variance
o™

which is separate for each state #k of each factor #m.

The variance
o (m)K
of the state #k of the factor #m which is a k-th column component of the row vector
of K columns which is the individual variance
o™

is a scalar value which is a variance, or a matrix of D rows and D columns which is a
covariance matrix.

In a case where the individual variance
o™

is obtained in the individual variance learning portion 52, the evaluation portion 21
obtains the observation probability P(Y[S,) according to Math (16) instead of Math (4)
by using the individual variance

o™ .

[Math.16]

=158,

¢ . PR T4 1, Pl g »“5
PLOVLISYY = {2,077 (27 T exn iy iYenand NS ST
L J.

.. (16)
Here,
po
of Math (16) may be obtained according to Math (17).
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[Math.17]
M
Zt= ;1 o_(m) St(ln)

.. (17)

S*m) indicates a state of the factor #m at the time point t as shown in Math (6), and, is
a column vector of K rows where a component of only one row of K rows is 0, and
components of the other components are 0.
In the individual variance learning portion 52, the individual variance
O.IIn)

may be obtained as follows.

That is to say, an expected value
<o>

of the variance
4]

of the FHMM as the overall models
¢

for the measurement waveform Y, which is actually measured (observed) is the same
as an expected value <Y -Y/|>> of the square error |Y-Y/|?of a current waveform
which is the measurement waveform Y, and a current waveform which is a generation
waveform Y, generated (observed) in the FHMM as the overall models
.

as indicated in Math (18).
[Math.18]

<o = (Y=Y ")

.. (18)

The expected value
<o>

of the variance
o
is equivalent to a sum total
cM<sM >16@<s@ >+ _+cM™M<s™ >
for the factor #m of an expected value
o™M<s™ >
of the individual variance
o (m

which is separate for each state #k of each factor #m.

In addition, the expected value <IY-Y”|>> of the square error IY-Y”|?of the mea-
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surement waveform Y, and the generation waveform Y, is equivalent to the square
error |Y ~-(WO<SO>+WD<SO >+, + WM<SM >)|2 of the measurement waveform Y,
and a sum total WO<SOS>+WO<SD >+ +WM<SM > of an expected value Wrm<Se >
of an individual waveform W® for the factor #m.

[0255]  Therefore, Math (18) is equivalent to Math (19).

[0256] [Math.19]

N
fomi)-

.. (19)

[0257] The individual variance
(m)

2

Yt_m%lwcmn <S(tmj>

{m) new

c™=c
satisfying Math (19) may be obtained according to Math (20) using a restricted
quadratic programming with a restriction where the individual variance
o™
is not negative.

[0258] [Math.20]
2

i ] . 2 3 s o

alsto] ; il 1) it T3y |
o™ = argmin ¥ Y- 2 HOEMY - 3 o™ EP
e® el ow A e Y

sublect Do ™
... (20)
o The individual variance learning portion 52 an update value

O_(m)neu

of the individual variance
o™

according to Math (20), and updates the individual variance
c @
stored in the model storage unit 13 to the update value
O_(m) new_
[0260]  As described above, in the individual variance learning portion 52, in a case where
the individual variance
o
is obtained for each factor #m or for each state #k of each factor #m, representation
performance where the FHMM as the overall models
L
represents a household electrical appliance is improved as compared with a case of
using a single variance C, accuracy of state estimation of the estimation portion 22 is

also improved, and thus it is possible to obtain power consumption or the like more ac-
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[0261]  Particularly, for example, with respect to a variable load household electrical
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[0264]

[0265]

[0266]

[0267]

[0268]

appliance such as a vacuum cleaner of which current consumption varies depending on
a sucking state, it is possible to power consumption more accurately by using the in-
dividual variance

o™,

The monitoring system of Fig. 12 performs the same processes (the learning process
of Fig. 6 or the information presenting process of Fig. 10) as the monitoring system of
Fig. 3 except that the individual variance
o™

is used instead of the variance C.

Fig. 13 is a flowchart illustrating a process of the E step performed in step S13 of
Fig. 6 by the monitoring system of Fig. 12.

In step S61, the evaluation portion 21 obtains the observation probability P(YS,) as
an evaluation value E in each combination S, of states at the time points t={1, 2...., and
T} according to Math (16) and (17) (instead of Math (4)) by using the individual
variance
o™

of the FHMM as the overall models
¢

stored in the model storage unit 13, the unique waveform W@, and the measurement
waveforms Y ={Y, Y,..., and Y} from the data acquisition unit 11, so as to be
supplied to the estimation portion 22, and the process proceeds to step S62.

Hereinafter, in steps S62 to S66, the same processes as in steps S22 to S26 of Fig. 7
are respectively performed.

Fig. 14 is a flowchart illustrating a process of the M step performed in step S14 of
Fig. 6 by the monitoring system of Fig. 12.

In step S71, in the same manner as step S31 of Fig. 9, the waveform separation
learning portion 31 performs the waveform separation learning so as to obtain an
update value Wmrew of the unique waveform W@, and updates the unique waveform
W stored in the model storage unit 13 to the update value Wmrew and the process
proceeds to step S72.

In step S72, the individual variance learning portion 52 performs the variance
learning according to Math (20) by using the measurement waveform Y, from the data
acquisition unit 11, the posterior probability <S®™> from the estimation portion 22, and
the unique waveform W® stored in the model storage unit 13, so as to obtain an

update value

o {m) new
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of the individual variance
o™

In addition, the individual variance learning portion 52 updates the individual
variance
o

stored in the model storage unit 13 to the update value
G(m)new

of the individual variance
o™,

and the process proceeds to step S73 from step S72.

In step S73, in the same manner as step S33 of Fig. 9, the state variation learning
portion 33 performs the station variation learning so as to obtain an update value Pt™;;
new of the transition probability Pt;; and an update value

T {m} new

of the initial state probability
x i .
and updates the transition probability P@);; and the initial state probability

T {m}

stored in the model storage unit 13 to the update value P@®); ;2% of the update value
pney

and the process returns from the process of the M step.

<Third Embodiment of Monitoring System to Which Present Technology is
Applied>

Fig. 15 is a block diagram illustrating a configuration example of the third em-
bodiment of the monitoring system to which the present technology is applied.

In addition, in the figure, portions corresponding to the case of Fig. 3 are given the
same reference numerals, and, hereinafter, description thereof will be appropriately
omitted.

The monitoring system of Fig. 15 is common to the monitoring system of Fig. 3 in
that the data acquisition unit 11 to the data output unit 16 are provided.

However, the monitoring system of Fig. 15 is different from the monitoring system
of Fig. 3 in that an approximate estimation portion 42 is provided instead of the es-
timation portion 22 of the state estimation unit 12.

The approximate estimation portion 42 obtains the posterior probability (state
probability) <S> under a state transition restriction where the number of factors of
which a state transitions for one time point is restricted.

Here, for example, the posterior probability <S®™ > is obtained by marginalizing the

posterior probability
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Ye.z
according to Math (9).
[0278]  The posterior probability

[0279]

[0280]

[0281]

[0282]

[0283]

[0284]

[0285]

Ye.z

may be obtained in related to all the combinations z of states of the respective factors
of the FHMM by using the forward probability
s

and the backward probability
Bz

according to Math (8).

However, the number of the combinations z of states of the respective factors of the
FHMM is KM and is thus increased in an exponential order if the number M of factors
is increased.

Therefore, in a case where the FHMM has a number of factors, if the forward
probability
ALz,

the backward probability
Be.z.

and the posterior probability

are strictly calculated for all the combinations z of states of the respective factors as
disclosed in the document A, a calculation amount becomes enormous.

Therefore, in relation to state estimation of the FHMM, for example, an approximate
estimation method such as Gibbs Sampling, Completely Factorized Variational Ap-
proximation, or Structured Variational Approximation is proposed in the document A.
However, in the approximate estimation method, there are cases where a calculation
amount is still large, or accuracy is considerably reduced due to approximation.

However, a probability that operating states of the overall household electrical ap-
pliances in a household are changed (varied) at each time is considerably low except
for an abnormal case such as power failure.

Therefore, the approximate estimation portion 42 obtains the posterior probability <S
m)>under a state transition restriction where the number of factors of which a state
transitions for one time point.

The state transition restriction may employ a restriction where the number of factors
of which a state transitions for one time point is restricted to one, or several or less.

According to the state transition restriction, the number of combinations z of states

which require strict calculation of the posterior probability
Ye,zs
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[0286]

[0287]
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[0291]

[0292]

[0293]

[0294]

and, further the forward probability

a.,.

and the backward probability

B,z

used to obtain the posterior probability <S> is greatly reduced, and, the reduced
combinations of states are combinations which have a considerably low occurrence
probability, thereby notably reducing a calculation amount without greatly damaging
accuracy of the posterior probability (state probability) <S> or the like.

In the approximate estimation portion 42, as methods of obtaining the posterior
probability <S™,> under the state transition restriction for restricting the number of
factors of which a state transitions for one time point, there is a method of applying a
particle filter to a process of the E step, that is, applying a particle filter to a com-
bination z of states of the FHMM.

Here, the particle filter is disclosed in, for example, page 364 of the above-described
document B.

In addition, in the present embodiment, the state transition restriction employs a re-
striction where the number of factors of which a state transitions for one time point is
restricted to, for example, one or less.

In a case of applying the particle filter to the combination z of states of the FHMM, a
p-th particle S, of the particle filter represents a certain combination of states of the
FHMM.

Here, the particle S, is a combination of a state S®, of the factor #1, a state S@; of the
factor #2...., and a state S®™, of the factor #M, represented by the particle S,, and is
expressed by the Math particle S, = {S®,, S@,,..., and S™,}.

In addition, in a case of applying the particle filter to the combination z of states of
the FHMM, instead of the observation probability P(Y IS,) of Math (4) that the mea-
surement waveform Y, is observed in a combination S, of states, observation
probability P(YIS,) that the measurement waveform Y, is observed in the particle S, (a
combination of states represented thereby) is used.

The observation probability P(YIS,) may be calculated, for example, according to
Math (21).

[Math.21]

PLYS,Y = 101 2™ sxp —)

1 -— N 3
5 ety © Yyl

(e

.. (21
The observation probability P(Y|S,) of Math (21) is different from the observation

probability P(YIS,) of Math (4) in that an average value (average vector) is
not p but p,.
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[0300]

[0301]

[0302]

In the same manner as the average value
Per

the average value
Ko

is, for example, a column vector of D rows which is the same as the current
waveform Y, and is expressed by the Math (22) using the unique waveform W&,
[Math.22]
o= %w(m) 510

n=1

.. (22)

Here, S"™); indicates a state of the factor #m of states forming a combination of the
states which is the particle S,, and, is hereinafter also referred to as a state S*™, of the
factor #m of the particle S,. The state S*™, of the factor #m of the particle S, is, for
example, as shown in Math (23), a column vector of K rows where a component of
only one row of K rows is 0, and components of the other rows are 0.

[Math.23]

0
S;(m) =1
0

.. (23)

In a case where a state of the factor #m forming a combination of states as the
particle S; is the state #k, in a column vector S*™,, of K rows which is the state S*™), of
the factor #m of the particle S,, only the k-th row component is 1, and the other
components are 0.

According to Math (22), a sum total of the unique waveform W, of the state #k of
each factor #m forming a combination of states as the particle S, is obtained as the
average value
Hp

of the current waveform Y, at the time point t.

Fig. 16 is a diagram illustrating a method of obtaining the forward probability
Cip

(ALPHA,,, by applying the particle filter to the combination z of states of the
FHMM.

In Fig. 16 (the same for Figs. 17 and 18 described later), for example, the number of

factors of the FHMM is four, and, each factor has two states representing an ON state

and an OFF state as operating states.
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The evaluation portion 21 obtains the observation probability P(YIS,) of Math (21)
in a combination of states as each particle S,={S;, S,...., and Sy} at the time points
t={1, 2,..., and T} by using the variance C of the FHMM as the overall models
¢

stored in the model storage unit 13, the unique waveform W@, and the measurement
waveforms Y ={Y, Y,..., and Y} from the data acquisition unit 11, so as to be
supplied to the approximate estimation portion 42.

The approximate estimation portion 42 obtains the forward probability
O, p

that the measurement waveforms Y, Y»...., and Y, are measured and which is in a
combination as the particle S, at the time point t by using the observation probability
P(Y(S,) from the evaluation portion 21, and the transition probability P@™;; (and the
initial state probability
Tﬂ:h-) )

of the FHMM as the overall models
¢

stored in the model storage unit 13.

The forward probability
O, p

may be obtained according to, for example, the recurrence formula
Ge,p — X0 1,:P(SplT) P (Ye]Sp)

using the forward probability
1, r

before one time point.

In the recurrence formula
Or,p = 2O, cP(Sp| T) P(Ye]5,),

r indicates a combination r of states as a particle at the time point t-1 which can
transition to a combination of states as the particle S, at the time point t under the state
transition restriction where the number of factors of which a state transitions for one
time point is restricted to one state or less.

Therefore, a combination of states where a combination of states equal to a com-
bination of states as the particle S, is different from the combination of states as the
particle S, only by one state can become the combination r of states.

In the recurrence formula
Or,p = 20, P(SpIT)P(Ye|Sp), 2

indicates summation taken for all the combinations r of states.

In addition, in the recurrence formula
C,p = 2o 1,:P (Spl )P (Y ]|Sp), P(Splr)
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[0310]

[0311]

[0312]

[0313]

[0314]

[0315]

[0316]

indicates the transition probability that a factor is in the combination r of states as the
particle S, at the time point t-1 and transitions to a combination of states as the particle
S, at the time point t, and may be obtained according to Math (3) by using the
transition probability Pt ; of the FHMM as the overall models
$.

In addition, as an initial value of the forward probability

O, p,

for example, the forward probability

ai,-

at the time point t=1, a product of the initial state probability
Tﬂ:hl)k

of the state #k of each factor #m forming a combination of states which is randomly
selected as the particle S, from all the combinations of states.

The approximate estimation portion 42 obtains the forward probability
Qc,p

with respect to not all the combinations of states which can be taken by the FHMM
but only a combination of states as the particle S,.

If the number of the particle S, which exists at the time point tis R, R forward proba-
bilities
C:.p

are obtained.

If the forward probability
Gr,p

is obtained with respect to R particles S, = {S,, S,,..., and Sg} at the time point t, the
approximate estimation portion 42 samples particles from the R particles S, = {S;, S,
,..» and Sg} on the basis of the forward probability
Ge,p-

In other words, the approximate estimation portion 42 samples predetermined P
particles S, = {S;, S»...., and Sp} in descending order of the forward probability
O:,p

from the R particles S, = {S,, S,...., and Sy}, and leaves only the P particles S, as
particles at the time point t.

In addition,
if P>R,

all of the R particles S, are sampled

In addition, the number P of the particles S, to be sampled is a value smaller than the
number of combinations of states which can be taken by the FHMM, and, is set, for

example, based on calculation costs allowable for the monitoring system.
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[0317] If P particles S, = {S,, S....., and Sp} at the time point t are sampled, the approximate
estimation portion 42 predicts particles at the time point t+1 after one time point in
each of the P particles S, = {S, S,...., and Sp} under the state transition restriction.

[0318] Under the state transition restriction where the number of factors of which a state
transitions for one time point is restricted to one state or less, as a particle S, at the time
point t+1, a combination of states where a combination of states equal to a combination
of states as the particle S, is different from the combination of states as the particle S,
only by one state is predicted.

[0319] As described above, in a case where the number of factors of the FHMM is four, and
each factor has two states representing an ON state and an OFF state as operating
states, in relation to the particle S, at the time point t, a total of five combinations with
a combination of states equal to a combination of states as the particle S, at the time
point t and four combinations which are different from the combination of states as the
particle S, at the time point t only by one state, are predicted as particles S, at the time
point t+1.

[0320]  The approximate estimation portion 42 predicts the particles S;={Si, S»,..., Sq} at the
time point t+1, then obtains the forward probability
®ir1,q

with respect to the particles S, at the time point t+1 in the same manner as the
particles S, at the time point t, and, thereafter, obtains forward probabilities at the time
points t=1, 2...., and T in the same manner.

[0321]  As described above, the approximate estimation portion 42 obtains the forward
probability
o, »

of a combination z of states as a particle for each time point by using a combination
of states of each factor #m as a particle while repeatedly predicting particles after one
time point under the state transition restriction and sampling a predetermined number
of particles on the basis of the forward probability
Q-

[0322]  Fig. 17 is a diagram illustrating a method of obtaining the backward probability
Be.p

(BETA,,) by applying a particle filter to the combination z of states of the FHMM.

[0323]  The approximate estimation portion 42 obtains the backward probability

Be.n

which is in a combination a of states as the particle S, at the time point t, and,
thereafter, that the measurement waveforms Yy, Yu.,..., and Yt are observed, by using
the observation probability P(Y[S,) from the evaluation portion 21, and the transition
probability P@;; of the FHMM as the overall models
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[0324]

[0325]

[0326]

[0327]

[0328]

[0329]

[0330]

¢
stored in the model storage unit 13.

The backward probability
Beo

may be obtained according to the recurrence formula
Be.o = ZP(YelSp) P(r|Sy) Bewa,r

using the forward probability
Beit,c

after one time point.

In the recurrence formula
Be.p = ZP(Ye|Sp) Pr|Sp)Pesa,xs

r indicates a combination r of states as a particle at the time point t+1 which can
transition to a combination of states as the particle S, at the time point t under the state
transition restriction where the number of factors of which a state transitions for one
time point is restricted to one state or less.

Therefore, a combination of states where a combination of states equal to a com-
bination of states as the particle S, is different from the combination of states as the
particle S, only by one state can become the combination r of states.

In the recurrence formula
Be.o = XP(YIS,) P(r|Sy)Brrrr X

indicates summation taken for all the combinations r of states.

In the recurrence formula
Be.p = ZP(Ye|Sp) P(r|Sp)Bra,«r

P(rlS,) indicates the transition probability that a factor is in the combination r of
states as the particle S, at the time point t and transitions to a combination of states as
the particle S, at the time point t+1, and may be obtained according to Math (3) by
using the transition probability P, ; of the FHMM as the overall models
.

In addition, an initial value
Br.o

of the backward probability
Be.o

employs 1.

In the same manner as the forward probability

O, pr

the approximate estimation portion 42 obtains the backward probability

Be.o
with respect to not all the combinations of states which can be taken by the FHMM
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[0337]

but only a combination of states as the particle S,.

If the number of the particle S, which exists at the time point tis R, R backward
probabilities
Be.p

are obtained.

If the backward probability
Be.o

is obtained with respect to R particles S, = {S,, S,,..., and Sg} at the time point t, the
approximate estimation portion 42 samples particles from the R particles S, = {S;, S,
,.., and Sg} on the basis of the backward probability
Be.p-

In other words, in the same manner as a case of the forward probability
QA pr

the approximate estimation portion 42 samples predetermined P particles S, = {S;, S,
.-, and Sp} in descending order of the backward probability
Be.o

from the R particles S, = {Si, S,...., and Sy}, and leaves only the P particles S, as
particles at the time point t.

If P particles S, = {S, S,..., and Sp} at the time point t are sampled, the approximate
estimation portion 42 predicts particles at the time point t-1 before one time point in
each of the P particles S, = {S, S,...., and Sp} under the state transition restriction.

Under the state transition restriction where the number of factors of which a state
transitions for one time point is restricted to one state or less, as a particle S, at the time
point t-1, a combination of states where a combination of states equal to a combination
of states as the particle S, is different from the combination of states as the particle S,
at the time point t only by one state is predicted.

As described above, in a case where the number of factors of the FHMM is four, and
each factor has two states representing an ON state and an OFF state as operating
states, in relation to the particle S, at the time point t, a total of five combinations with
a combination of states equal to a combination of states as the particle S, at the time
point t and four combinations which are different from the combination of states as the
particle S, at the time point t only by one state, are predicted as particles S, at the time
point t-1.

The approximate estimation portion 42 predicts the particles S;={Si, S»,..., and S} at
the time point t-1, then obtains the backward probability
Briig

in the same manner as the particles S, at the time point t, and, thereafter, obtains

forward probabilities at the time points t=T, T-1,..., and 1 in the same manner.
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[0341]

[0342]

As described above, the approximate estimation portion 42 obtains the backward
probability
Be.-

of a combination z of states as a particle for each time point by using a combination
of states of each factor #m as a particle while repeatedly predicting particles before one
time point under the state transition restriction and sampling a predetermined number
of particles on the basis of the backward probability
Be.2-

Fig. 18 is a diagram illustrating a method of obtaining the posterior probability
Ye.p

(GAMMA,,) by applying a particle filter to the combination z of states of the
FHMM.

In a case where a combination of states as the particle (hereinafter, also referred to as
a forward particle) S, of which the forward probability
O, p

has been obtained at each time point t and a combination of states as the particle
(hereinafter, referred to as a backward particle) S, of which the backward probability
Be.o

has been obtained are the same combination z of states, the approximate estimation
portion 42 obtains the posterior probability
Te.=

in the combination z of states at the time point t in the FHMM as the overall models
¢

according to Math (23) by using the forward probability
a,z

and the backward probability
B, -

in relation to the combination z of states.
[Math.24]

U!t,th,z

Zat,wBt,w

weS, NSy
.. (24)
Here,
hA

Yiz:%

of the denominator of the right side of Math (24) indicates summation taken by
changing w to all the combinations
SpMSp-
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[0343]

[0344]

[0345]

[0346]

[0347]
[0348]

[0349]

[0350]

[0351]

of states which are commonly left in both the forward particle S, and the backward
particle S, at the time point t.

In addition, both the forward probability
a;, -

of the combination z of states which is not left as the forward particle S, at the time
point t and the backward probability
B, -

of the combination z of states which is not left as the backward particle S, at the time
point t are, for example, 0.

Therefore, the posterior probability
T, =

of combinations of states other than the combinations
SpMSp-

of states which are commonly left in both the forward particle S, and the backward
particle S, at the time point tis 0.

The monitoring system of Fig. 15 performs the same process as the monitoring
system of Fig. 3 except that the posterior probability <S> or the like is obtained
under the state transition restriction by applying a particle filter to the combination z of
states of the FHMM.

Figs. 19 and 20 are flowcharts illustrating a process of the E step performed in step
S13 of Fig. 6 by the monitoring system of Fig. 15.

In addition, Fig. 20 is a flowchart subsequent to Fig. 19.

In step S81, the approximate estimation portion 42 initializes (a variable indicating)
the time point t to 1 as an initial value for a forward probability, and the process
proceeds to step S82.

In step S82, the approximate estimation portion 42 selects (samples) a predetermined
number of combinations of states, for example, in random, from combinations of states
which can be taken by the FHMM, as particles S,. In addition, in step S82, all of the
combinations of states which can be taken by the FHMM may be selected as the
particles S,.

The approximate estimation portion 42 obtains an initial value

a1,p

of the forward probability
Ce,p

with respect to the combinations of states as the particles S, and the process
proceeds from step S82 to step S&3.

In step S83, it is determined whether or not the time point t is the same as the last

time point (series length) T of the measurement waveform Y, ={Y, Y,...., and Yr}.
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[0356]

[0357]

[0358]

If it is determined that the time point t is not the same as the last time point T of a
series of the measurement waveform Y, in step S83, that is, the time point t is less than
the time point T, the process proceeds to step S84 where the approximate estimation
portion 42 predicts a particle at the time point t+1 after one time point with respect to
the combinations of states as the particles S, under the state transition restriction which
is a predetermined condition, and the process proceeds to step S85.

In step S85, the approximate estimation portion 42 increments the time point t by 1,
and the process proceeds to step S86.

In step S86, the evaluation portion 21 obtains the observation probability P(YIS,) of
Math (21) with respect to the combinations of states as the particles S, = {S;, S,...., and
Sk} at the time point t by using the variance C of the FHMM as the overall models
L

stored in the model storage unit 13, the unique waveform W@, and the measurement
waveform Y={Y|, Y,...., and Yt} from the data acquisition unit 11. The evaluation
portion 21 supplies the observation probability P(YIS,) to the approximate estimation
portion 42, and the process proceeds from step S86 to step S87.

In step S87, the approximate estimation portion 42 measures the measurement
waveforms Y, Y».,..., and Y, by using the observation probability P(YIS,) from the
evaluation portion 21, and the transition probability Pt (and the initial state
probability
x™)

of the FHMM as the overall models
¢

stored in the model storage unit 13, and obtains the forward probability
Q:p

in a combination as the particle S, at the time point t, and, the process proceeds to
step S&8.

In step S88, the approximate estimation portion 42 samples a predetermined number
of particles in descending order of the forward probability
C:p

from the particles S, so as to be left as particles at the time point t on the basis of the
forward probability
¢, p-

Thereafter, the process returns to step S83 from step S88, and, hereinafter, the same
processes are repeatedly performed.

In addition, it is determined that the time point t is the same as the last time point T
of a series of the measurement waveform Y, in step S83, the process proceeds to step
S91 of Fig. 20.
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In step S91, the approximate estimation portion 42 initializes the time point t to T as
an initial value for a backward probability, and the process proceeds to step S92.

In step S92, the approximate estimation portion 42 selects (samples) a predetermined
number of combinations of states, for example, in random, from combinations of states
which can be taken by the FHMM, as particles S,. In addition, in step S92, all of the
combinations of states which can be taken by the FHMM may be selected as the
particles S,.

The approximate estimation portion 42 obtains an initial value
Cr,p

of the backward probability
Be.o

with respect to the combinations of states as the particles S,, and the process
proceeds from step S92 to step S93.

In step S93, it is determined whether or not the time point t is the same as the initial
time point 1 of the measurement waveform Y, ={Y,, Y»,..., and Yr}.

If it is determined that the time point t is not the same as the initial time point 1 of a
series of the measurement waveform Y, in step S93, that is, the time point t is larger
than the time point 1, the process proceeds to step S94 where the approximate es-
timation portion 42 predicts a particle at the time point t-1 before one time point with
respect to the combinations of states as the particles S, under the state transition re-
striction which is a predetermined condition, and the process proceeds to step S95.

In step S95, the approximate estimation portion 42 decreases the time point t by 1,
and the process proceeds to step S96.

In step S96, the evaluation portion 21 obtains the observation probability P(YIS,) of
Math (21) with respect to the combinations of states as the particles S, = {S;, S,...., and
Sk} at the time point t by using the variance C of the FHMM as the overall models
¢

stored in the model storage unit 13, the unique waveform W@, and the measurement
waveform Y={Y,, Y,...., and Y} from the data acquisition unit 11. The evaluation
portion 21 supplies the observation probability P(YS,) to the approximate estimation
portion 42, and the process proceeds from step S96 to step S97.

In step S97, the approximate estimation portion 42 obtains the backward probability
Be.o

which is in the combinations of states as the particles S, at the time point t, and,
thereafter, that the measurement waveforms Yy, Y,,..., and Y are measured by using
the observation probability P(Y\IS,) from the evaluation portion 21, and the transition
probability P@;; (and the initial state probability

E(ll) )
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[0374]

[0375]

of the FHMM as the overall models
¢
stored in the model storage unit 13, and, the process proceeds to step S98.

In step S98, the approximate estimation portion 42 samples a predetermined number
of particles in descending order of the backward probability
Be.p

from the particles S, so as to be left as particles at the time point t on the basis of the
backward probability
Be.o-

Thereafter, the process returns to step S93 from step S98, and, hereinafter, the same
processes are repeatedly performed.

In addition, it is determined that the time point t is the same as the initial time point 1
of a series of the measurement waveform Y, in step S93, the process proceeds to step
S99.

In step S99, the approximate estimation portion 42 obtains the posterior probability
Y,z

in the combination z of states at the time point t in the FHMM as the overall models
¢

according to Math (24) by using the forward probability
@,z (“0k,p)

and the backward probability
Be.z (=Be.n)

and the process proceeds to step S100.

Hereinafter, in steps S100 and S101, the same processes are in steps S25 and S26 of
Fig. 7 are performed, and thus the posterior probabilities <S™ >, <S™ S®"> and <S®™),,
S>> are obtained.

As described above, in the approximate estimation portion 42, by applying a particle
filter to the combination z of states of the FHMM, the posterior probability <S> and
the like are obtained under the state transition restriction, and therefore calculation for
combination of which a probability is low is omitted, thereby improving efficiency of
calculation of the posterior probability <S™,> and the like.

<Fourth Embodiment of Monitoring System to Which Present Technology is
Applied>

Fig. 21 is a block diagram illustrating a configuration example of the fourth em-
bodiment of the monitoring system to which the present technology is applied.

In addition, in the figure, portions corresponding to the case of Fig. 3 are given the
same reference numerals, and, hereinafter, description thereof will be appropriately

omitted.
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The monitoring system of Fig. 21 is common to the monitoring system of Fig. 3 in
that the data acquisition unit 11 to the data output unit 16 are provided.

However, the monitoring system of Fig. 21 is different from the monitoring system
of Fig. 3 in that a restricted separation learning portion 51 is provided instead of the
waveform separation learning portion 31 of the model learning unit 14.

The separation learning portion 31 of Fig. 3 obtains the unique waveform W
without particular restriction, but, the restricted waveform separation learning portion
51 obtains the unique waveform W™ under a predetermined restriction distinctive to a
household electrical appliance (household electrical appliance separation).

Here, in the separation learning portion 31 of Fig. 3, a particular restriction is not
imposed on calculation of the unique waveform W in the M step.

For this reason, in the separation learning portion 31 of Fig. 3, the unique waveform
W is calculated through the waveform separation learning only in consideration of
the measurement waveform Y, being a waveform obtained by superimposing a
plurality of current waveforms.

In other words, in the waveform separation learning of the separation learning
portion 31 of Fig. 3, the measurement waveform Y, is regarded as a waveform where a
plurality of current waveforms are superimposed, and the unique waveform W as the
plurality of current waveforms is separated.

In a case where there is no restriction in calculation of the unique waveform W®, a
degree of freedom (redundancy) of solutions of the waveform separation learning, that
is, a degree of freedom of a plurality of current waveforms which can be separated
from the measurement waveform Y, is very high, and thus the unique waveform W@
as a current waveform which is inappropriate as a current waveform of a household
electrical appliance may be obtained.

Therefore, the restricted waveform separation learning portion 51 performs the
waveform separation learning under a predetermined restriction distinctive to a
household electrical appliance so as to prevent the unique waveform W as a current
waveform which is inappropriate as a current waveform of a household electrical
appliance from being obtained, and obtains the unique waveform W as an accurate
current waveform of a household electrical appliance.

Here, the waveform separation learning performed under a predetermined restriction
is also referred to as restricted waveform separation learning.

The monitoring system of Fig. 21 performs the same processes as the monitoring
system of Fig. 3 except that the restricted waveform separation learning is performed.

In the restricted waveform separation learning, as a restriction distinctive to a
household electrical appliance, there is, for example, a load restriction or a base

waveform restriction.
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The load restriction is a restriction where power consumption U™ of a household
electrical appliance which is obtained by multiplication of the unique waveform W
as a current waveform of a household electrical appliance #m and a voltage waveform
of a voltage applied to the household electrical appliance #m, that is, the voltage
waveform V, corresponding to the measurement waveform Y, which is a current
waveform does not have a negative value (the household electrical appliance #m does
not generate power).

The base waveform restriction is a restriction where the unique waveform W™ which
is a current waveform of a current consumed in each operating state of the household
electrical appliance #m is represented by one or more combinations of a plurality of
waveforms prepared in advance as base waveforms for the household electrical
appliance #m.

Fig. 22 is a flowchart illustrating a process of the M step of step S14 of Fig. 6
performed by the monitoring system of Fig. 21 imposing the load restriction.

In step S121, the restricted waveform separation learning portion 51 performs the
waveform separation learning under the load restriction by using the measurement
waveform Y, from the data acquisition unit 11, and the posterior probabilities <S®™>
and <S™,S®"> from the estimation portion 22, so as to obtain an update value Wmrew
of the unique waveform W®, and updates the unique waveform W® stored in the
model storage unit 13 to the update value W% and the process proceeds to step
S122.

In other words, the restricted waveform separation learning portion 51 solves Math
(25) as the waveform separation learning under the load restriction by using a
quadratic programming with a restriction, thereby obtaining the update value W@rew of
the unique waveform W&,

[Math.25]

T
W™ = argmi n{ ¥ |Yt<s;>—w<sts;>|2}
L] t=1

subject to OSV'W

.. (25)

Here, in Math (25), a restriction of satisfying the Math
0=<V'W

as the load restriction is imposed on a unique waveform W which is an update value
Wamrew of the unique waveform W,

V is a column vector of D rows indicating the voltage waveform V, corresponding to
a current waveform as the measurement waveform Y, and V'is a row vector obtained
by transposing the column vector V.

In addition, the update value W= of the unique waveform of Math (25), and the



53

WO 2013/145779 PCT/JP2013/002182

[0396]

[0397]

[0398]

[0399]

[0400]

[0401]
[0402]

[0403]

[0404]

[0405]

posterior probabilities <S,"> and <S,S,"> are the same as those described in Math (12).
In other words, the update value Wre¥ of the unique waveform is a matrix of D rows
and
KxM
columns, and a column vector of (m-1)K+k columns thereof is an update value of a
unique waveform W@, of the state #k of the factor #m.
The posterior probability <S,”> is a row vector of columns,
KxM
and a ((m-1)K+k)-th column component thereof is a state probability that the factor
#m is in the state #k at the time point t.
The posterior probability <S.S,> is a matrix of
KxM

rows and
KxM

columns, and a ((m-1)K+k)-th row and ((n-1)K+k')-th column component thereof is a
state probability that the factor #m is in the state #k and another factor #n is in the state
#K' at the time point t.

In addition, the unique waveform W of Math (25) is a matrix of D rows and
KxM

columns which is the same as the update value W= of the unique waveform, and a
unique waveform W which minimizes X of argmin{ X} of the right side of Math (25) is
obtained as an update value Wv of the unique waveform by using a quadratic pro-
gramming.

In steps S122 and S123, the same processes as in steps S32 and S33 of Fig. 9 are
performed.

Fig. 23 is a diagram illustrating the load restriction.

In other words, A of Fig. 23 shows a unique waveform W® as a current waveform
obtained through the waveform separation learning without restriction, and B of Fig.
23 shows a unique waveform W as a current waveform obtained through the
waveform separation learning under the load restriction.

In addition, in Fig. 23, the number M of factors is two, and a unique waveform W,
of the state #k in which the factor #1 is and a unique waveform W®,. of the state #k' in
which the factor #2 is are shown.

In A of Fig. 23 and B of Fig. 23, the current waveforms which are the unique
waveform W, of the factor #1 are all in phase with the voltage waveform V..

However, in A of Fig. 23, since the load restriction is not imposed, the current
waveform which is the unique waveform W@y of the factor #2 is in reverse phase to

the voltage waveform V..
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On the other hand, in B of Fig. 23, as a result of imposing the load restriction, the
current waveform which is the unique waveform W@, of the factor #2 is in phase with
the voltage waveform V..

The measurement waveform Y, can be separated into the unique waveform W, of
the factor #1 and the unique waveform W®,. of the factor #2, shown in A of Fig. 23,
and can be separated into the unique waveform W@, of the factor #1 and the unique
waveform W®,. of the factor #2, shown in B of Fig. 23.

However, in a case where the measurement waveform Y, is separated into the unique
waveform WO, of the factor #1 and the unique waveform W®,. of the factor #2, shown
in A of Fig. 23, the household electrical appliance #2 corresponding to the factor #2 of
which the unique waveform W®y is reverse phase to the voltage waveform V,
generates power, and thus there is concern in which it is difficult to perform ap-
propriate household electrical appliance separation.

On the other hand, when the load restriction is imposed, the measurement waveform
Y is separated into the unique waveform W®y of the factor #1 and the unique
waveform W®y of the factor #2, shown in B of Fig. 23.

The unique waveform W, and the unique waveform W®,. of B of Fig. 23 are all in
phase with the voltage waveform V,, and, thus, according to the load restriction, since
the household electrical appliance #1 corresponding to the factor #1 and the household
electrical appliance #2 corresponding to the factor #2 are all loads consuming powers,
it is possible to perform appropriate household electrical appliance separation.

Fig. 24 is a diagram illustrating the base waveform restriction.

In Fig. 24, Y is a matrix of D rows and T columns where the measurement waveform
Y. which is a column vector of D rows is arranged from the left to the right in order of
the time point t. A t-th column vector of the measurement waveform Y which is a
matrix of D rows and T columns is the measurement waveform Y, at the time point t.

In Fig. 24, W is a matrix of D rows and
KXM

columns in which the unique waveform W of the factor #m which is a matrix of D
rows and K columns is arranged in order of the factor #m from the left to the right. A
column vector of (m-1)K+k columns of the unique waveform W which is a matrix of D
rows and
KxM

columns is a unique waveform W) of the state #k of the factor #m.

In Fig. 24, F indicates
KxM.

In Fig. 24, <S> is a matrix of
KxM
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rows and T columns obtained by arranging a column vector of

F—KxM

rows in which the posterior probability <S®™ > at the time point t which is a column
vector of K rows is arranged in order of the factor #m from the top to the bottom, in
order of time point t from the left to the right. A ((m-1)K+k)-th row and t-th column
component of the posterior probability <S> which is a matrix of

KxM

rows and T columns is a state probability that the factor #m is in the state #k at the
time point t.

In the waveform separation learning, in the FHMM, as shown in Fig. 24, a product
WX<S>

of the unique waveform W and the posterior probability <S,> is observed as the mea-
surement waveform Y, and thereby the unique waveform W is obtained.

As described above, since the base waveform restriction is a restriction where the
unique waveform W® which is a current waveform of a current consumed in each
operating state of the household electrical appliance #m is represented by one or more
combinations of a plurality of waveforms prepared in advance as base waveforms for
the household electrical appliance #m, as shown in Fig. 24, the unique waveform W is
indicated by a product
BxA

of a predetermined number N of base waveforms B and a predetermined coefficient
A, and thereby the unique waveform W is obtained.

Here, when an n-th base waveform B is indicated by B, among a predetermined
number N of the base waveforms B, B, is a column vector of D rows which has, for
example, a sample value of a waveform as a component, and the base waveform B is a
matrix of D rows and N columns in which the base waveform B, which is a column
vector of D rows is arranged in order of the index n from the left to the right.

The coefficient A is a matrix of N rows and
KxM

columns, and, an n-th row and ((m-1)K+k)-th column component is a coefficient
which is multiplied by the n-th base waveform B, in representing the unique waveform
W), as a combination (superimposition) of N base waveforms B, B....., and By.

Here, when the unique waveform W), is represented by a combination of N base
waveforms B, to By, for example, if a column vector of N rows which is a coefficient
multiplied by the N base waveforms B, to By is indicated by a coefficient A™, and a
matrix of N rows and K columns in which the coefficient A™, is arranged in order of
K states #1 to #K of the factor #m from the left to the right is indicated by a coefficient

A, a coefficient A is a matrix in which the coefficient A®™ is arranged in order of the
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factor #m from the left to the right.

The base waveform B may be prepared (acquired) by performing base extraction
such as, for example, ICA (Independent Component Analysis) or NMF (Non-negative
Matrix Factorization) used for an image process, for the measurement waveform Y.

The measurement wave form may include a sum of electric signals of electric
apparatus in a house, or may include a group of electric signals of electric apparatus
existing in a house (e.g., a group of electrical signals of each electrical apparatus
existing in a house).

In addition, in a case where a manufacturer or the like allows a base waveform of a
household electrical appliance to be open to public on a home page or the like, the base
waveform B may be prepared by accessing the home page.

Fig. 25 is a flowchart illustrating a process of the M step of step S14 of Fig. 6
performed by the monitoring system of Fig. 21 imposing the base waveform re-
striction.

In step S131, the restricted waveform separation learning portion 51 performs the
waveform separation learning under the base waveform restriction by using the mea-
surement waveform Y, from the data acquisition unit 11, and the posterior probabilities
<S™> and <S™,S™;"> from the estimation portion 22, so as to obtain an update value
Wrew of the unique waveform W™, and updates the unique waveform W® stored in
the model storage unit 13 to the update value W™ne¥ and the process proceeds to step
S132.

In other words, the restricted waveform separation learning portion 51 solves Math
(26) as the waveform separation learning under the base waveform restriction by using
a quadratic programming with a restriction, thereby obtaining a coefficient A for
representing the unique waveform W by a combination of the base waveforms B.
[Math.26]

1
A" = aremin { > IYt<S;>—BA<St31>I2}
A t=1

subject to min A

.. (26)

Here, in Math (26), to indicating the unique waveform W by a product of
BxA

of a predetermined number N of the base waveforms B and a predetermined co-
efficient A and to minimize the coefficient A (minA) are imposed as the base
waveform restriction.

To minimize the coefficient A (minA) means that a value (magnitude) of each

component of the matrix of N rows and
KxM
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columns which is the coefficient A is minimized, and that the matrix of N rows and
KxM
columns which is the coefficient A becomes as sparse as possible.

The matrix of N rows and
KxM

columns which is the coefficient A becomes as sparse as possible, and thereby the
unique waveform W@, is indicated by a combination of the base waveforms B, of
which the number is as small as possible.

If the coefficient A is obtained according to Math (26), the restricted separation
learning portion 51 obtains the update value W&rew of the unique waveform W
according to Math (27) by using the coefficient A** and the base waveform B.
[Math.27]

WY = BA"¥

.. (27)

In steps S132 and S133, the same processes as in steps S32 and S33 of Fig. 9 are
performed.

In a case where current consumed by a household electrical appliance forms
waveforms of one or more combinations of base waveforms, a waveform of current
which cannot be obtained as current consumed by the household electrical appliance is
prevented from being obtained as a unique waveform by imposing the base waveform
restriction, and thus it is possible to obtain a unique waveform appropriate for the
household electrical appliance.

In addition, in the above description, the load restriction and the base waveform re-
striction are separately imposed, but the load restriction and the base waveform re-
striction may be imposed together.

In a case of imposing the load restriction and the base waveform restriction together,
in the M step, the restricted separation learning portion 51 solves Math (28) as the
waveform separation learning under the load restriction and the base waveform re-
striction by using a quadratic programming with a restriction, thereby obtaining a co-
efficient A™v for representing the unique waveform W by a combination of the base
waveforms B and coefficient A** for making power consumption of a household
electrical appliance obtained using the unique waveform W not a negative value.
[Math.28]

T
A™ = argmin { )2 |Yt<s;>—BA<sts;>|2}
A t=1

subject to min A, 0<V'BA
.. (28)

In addition, the restricted waveform separation learning portion 51 obtains the update
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value Wmrew of the unique waveform W@ by using the coefficient Ar¥ obtained
according to Math (28) and the base waveform B obtained according to Math (29).
[Math.29]

wnew - B Anew

.. (29)

<Fifth Embodiment of Monitoring System to Which Present Technology is Applied>

Fig. 26 is a block diagram illustrating a configuration example of the fifth em-
bodiment of the monitoring system to which the present technology is applied.

In addition, in the figure, portions corresponding to the case of Fig. 3 are given the
same reference numerals, and, hereinafter, description thereof will be appropriately
omitted.

The monitoring system of Fig. 26 is common to the monitoring system of Fig. 3 in
that the data acquisition unit 11 to the data output unit 16 are provided.

However, first, the monitoring system of Fig. 26 is different from the monitoring
system of Fig. 3 in that the individual variance learning portion 52 of Fig. 12 is
provided instead of the variance learning portion 32 of the model learning unit 14.

Second, the monitoring system of Fig. 26 is different from the monitoring system of
Fig. 3 in that the approximate estimation portion 42 of Fig. 15 is provided instead of
the estimation portion 22 of the state estimation unit 12.

Third, the monitoring system of Fig. 26 is different from the monitoring system of
Fig. 3 in that the restricted separation learning portion 51 of Fig. 21 is provided instead
of the waveform separation learning portion 31 of the model learning unit 14.

Therefore, the monitoring system of Fig. 26 performs individual variance learning
for obtaining an individual variance
o

for each factor #m or for each state #k of each factor #m.

In addition, the monitoring system of Fig. 26 performs approximate estimation for
obtaining the posterior probability (state probability) <S> under the state transition
restriction where the number of factors of which a state transitions for one time point is
restricted.

In addition, the monitoring system of Fig. 26 obtains the unique waveform W@
through the restricted waveform separation learning.

Further, the monitoring system may perform the individual variance learning, the ap-
proximate estimation, and the restricted waveform separation learning independently,
may perform the individual variance learning, the approximate estimation, and the re-
stricted waveform separation learning together, or may perform any two of the in-
dividual variance learning, the approximate estimation, and the restricted waveform

separation learning.
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<Application of Monitoring System to Cases Other Than Household Electrical
Appliance Separation>

As above, although a case where the monitoring system performing learning of the
FHMM monitors a current waveform as sum total data and performs household
electrical appliance separation has been described, the monitoring system performing
learning of the FHMM may be applied to any application where a superposition signal
on which one or more signals are superimposed is monitored and a signal su-
perimposed on the superimposition signal is separated.

Fig. 27 is a diagram illustrating an outline of talker separation by the monitoring
system which performs learning of the FHMM.

According to the monitoring system which performs learning of the FHMM, instead
of a current waveform used as the measurement waveform Y, in the household
electrical appliance separation, by using an audio signal where a plurality of talkers' ut-
terances are superimposed, it is possible to perform talker separation for separating a
voice of each talker from the audio signal where the plurality of talkers' utterances are
superimposed.

In a case where the monitoring system performing learning of the FHMM performs
the talker separation as well, in the same manner as the case of the household electrical
appliance separation, the individual variance learning, the approximate estimation, and
the restricted waveform separation learning may be performed.

A case of using the individual variance
o™

for each factor #m, or for each state #k of each factor #m in the talker separation, a
representation performance of the FHMM is further improved than a case of using a
signal variance C, and thus it is possible to increase accuracy of the talker separation.

In addition, since a probability that all of utterance states of a plurality of talkers are
varied for each time is very low, even if a talker of which an utterance state varies is
restricted to one or several persons or less for one time point, accuracy of the talker
separation is not greatly influenced.

Therefore, in the talker separation, under a state transition restriction where the
number of factors of which a state transitions for one time point is restricted to, for
example, one or less (a talker of which an utterance state varies is restricted to one
person or less), approximate estimation for obtaining the posterior probability <S>
may be performed. In addition, according to the approximate estimation for obtaining
the posterior probability <S®™ > under the state transition restriction, the number of
combinations z of states in which the posterior probability
Y,z

used to obtain the posterior probability <S®> is required to be strictly calculated is
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considerably reduced, and thus a calculation amount can be notably reduced.

In addition, in the talker separation, the individual waveform W® is a waveform of a
person's voice, and thus a frequency component exists in a frequency band which can
be taken by a person's voice. Therefore, in restricted waveform separation learning
performed in the talker separation, a restriction distinctive to a person' voice may be
employed in which a frequency component of the individual waveform W® is re-
stricted to a frequency component within a frequency band which can be taken by a
person's voice. In this case, a unique waveform W& which is appropriate as a
waveform of a person' voice can be obtained.

Further, in the talker separation, as a restriction imposed on the restricted waveform
separation learning, for example, a base waveform restriction may be employed in the
same manner as a case of the household electrical appliance separation.

<Sixth Embodiment of Monitoring System to Which Present Technology is
Applied>

Fig. 28 is a block diagram illustrating a configuration example of the sixth em-
bodiment of the monitoring system to which the present technology is applied.

In addition, in the figure, portions corresponding to the case of Fig. 3 are given the
same reference numerals, and, hereinafter, description thereof will be appropriately
omitted.

The monitoring system of Fig. 28 is common to the monitoring system of Fig. 3 in
that the data acquisition unit 11 to the data output unit 16 are provided.

However, first, the monitoring system of Fig. 28 is different from the monitoring
system of Fig. 3 in that an evaluation portion 71 and an estimation portion 72 are re-
spectively provided instead of the evaluation portion 21 and the estimation portion 22
in the state estimation unit 12.

Second, the monitoring system of Fig. 28 is different from the monitoring system of
Fig. 3 in that a restricted separation learning portion 81 is provided instead of the
waveform separation learning portion 31, and the variance learning portion 32 and the
state variation learning portion 33 are not provided, in the model learning unit 14.

The monitoring system of Fig. 3 performs the household electrical appliance
separation by using the FHMM as the overall models
b,

but, the monitoring system of Fig. 28 performs the household electrical appliance
separation by using, for example, a model (hereinafter, also referred to as a waveform
mode) which has only the unique waveform W as a model parameter, as the overall
models
L

instead of the FHMM.
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Therefore, in Fig. 28, the waveform mode is stored as the overall models
¢

in the model storage unit 13. Here, the waveform model has the unique waveform W
(m as a model parameter, and, in this waveform model, a single unique waveform W
corresponds to a household electrical appliance model #m.

The state estimation unit 12 has the evaluation portion 71 and the estimation portion
72, and performs state estimation for estimating operating states of a plurality of M
household electrical appliances #1, #2,..., and #m by using the measurement waveform
Y, from the data acquisition unit 11, and the waveform model stored in the model
storage unit 13.

In other words, the evaluation portion 71 obtains an evaluation value E where an
extent that a current waveform Y supplied from the data acquisition unit 11 is observed
is evaluated so as to be supplied to the estimation portion 72, in each household
electrical appliance model #m forming the waveform model as the overall models
L

stored in the model storage unit 13.

The estimation portion 72 estimates an operating state C™, at the time point t of
each household electrical appliance indicated by each household electrical appliance
model #m by using the evaluation value E supplied from the evaluation portion 71, for
example, according to an integer programming, so as to be supplied to the model
learning unit 14, the label acquisition unit 15, and the data output unit 16.

Here, the estimation portion 72 solve an integer programming program of Math (30)
according to the integer programming and estimates the operating state C™,, of the
household electrical appliance #m.

[Math.30]

LK),
minimize E = Y~ Z1 kziwk Cik
m= —

subject to OSGE:LE integer

.. (30)

Here, in Math (30), E indicates an error of the measurement waveform Y, and a
current waveform
YW {m) «C (m)t']E

which is sum total data observed in the waveform model as the overall models
b,

and the estimation portion 72 obtains an operating state C,, which minimizes the
error E.

In addition, in Math (30), the unique waveform W), indicates a unique waveform
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which is a current waveform unique to the operating state C®™,, of the factor #m, and is
a column vector of D rows in the same manner as the measurement waveform Y.

In addition, in Math (30), K(m) indicates the number (the number of kinds) of
operating state C™, of the household electrical appliance #m.

The operating state C™, is an integer of 0 or more and is a scalar value, and
indicates an operating state of the household electrical appliance #m at the time point t.
The operating state Ct™,; corresponds to, for example, a mode (setting) of the
household electrical appliance #m, and, it is assumed that a mode where the household
electrical appliance #m is an ON state is restricted to one or less.

Math (31) indicates that a mode where the household electrical appliance #m is an

ON state is restricted to one or less.

[Math.31]
O +0 4 - 40k <1
.. (31)
According to Math (31), a value which the operating state Ct™,; which is an integer

of 0 or more can take is O or 1.

In addition, a method of estimating an operating state of a household electrical
appliance according to the integer programming is disclosed in, for example, "Non-
intrusive Appliance Load Monitoring System", Shinkichi Inagaki, Tsukasa Egami,
Tatsuya Suzuki (Nagoya University),

Hisahide Nakamura, Koichi Ito (TOENEC CORP.), The 42nd Workshop on Discrete
Event Systems of the Society of Instrument and Control Engineers, pp. 33-38, Dec 20,
2008, Osaka University.

As above, in a case of the estimation portion 72 estimates the operating state C®,, of
the household electrical appliance #m by solving Math (30), the evaluation portion 71
obtains an error E of Math (30) by using the measurement waveform Y, supplied from
the data acquisition unit 11 and the unique waveform W@, of the waveform model
stored in the model storage unit 13, so as to be supplied to the estimation portion 72 as
an evaluation value E.

In the model learning unit 14, in the same manner as the restricted waveform
separation learning portion 51 of Fig. 21, the restricted waveform separation learning
portion 81 performs the waveform separation learning under a predetermined re-
striction (waveform separation learning with restriction)distinctive to a household
electrical appliance so as to prevent the unique waveform W@, as a current waveform
which is inappropriate as a current waveform of a household electrical appliance from
being obtained, and obtains the unique waveform W& as an accurate current

waveform of a household electrical appliance.
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That is to say, the restricted waveform separation learning portion 81 performs the
waveform separation learning, for example, under the load restriction by using the
measurement waveform Y, from the data acquisition unit 11, and the operating state C
(), of the household electrical appliance #m from the estimation portion 72, so as to
obtain an update value Werew, of the unique waveform W™, and updates the unique
waveform W), stored in the model storage unit 13 to the update value Wmrew,

In other words, the restricted waveform separation learning portion 81 solves the
quadratic programming problem of Math (32) as the waveform separation learning
under the load restriction according to the quadratic programming, thereby obtaining
the update value Wmrewof the unique waveform W,

[Math.32]

1
W = argmin{ > IYt—W-CtIZ}
" t=1

subject to O<V'W

... (32)

Here, in Math (32), a restriction of satisfying the math
0<V'W

as the load restriction is imposed on a unique waveform W which is an update value
Wmrew, of the unique waveform W,

In Math (32), V is a column vector of D rows indicating the voltage waveform V,
corresponding to a current waveform as the measurement waveform Y, and V' is a row
vector obtained by transposing the column vector V.

In addition, if a mode of the household electrical appliance #m of which the
operating state C™,; indicates ON and OFF is a mode #k, in Math (32), W is a column
vector of (m-1)K+k columns and is a matrix of D rows and
KxM

columns which is a unique waveform of the mode #k of the household electrical
appliance #m (is turned on). In addition, here, K indicates the maximum value of, for
example, K(1), K(2),..., and K(M).

The update value Wrev of the unique waveform is a matrix of D rows and
KxM

columns, and a column vector of (m-1)K+k columns thereof is an update value of a
unique waveform W™, of the state #k of the factor #m.

Further, in Math (32), C, is a column vector of
KxM

rows in which a component of the (m-1)K+k row is in the operating state Ct™ ;.

Further, the restricted waveform separation learning portion 81 may impose other re-

strictions. In other words, for example, in the same manner as the restricted waveform
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separation learning portion 51 of Fig. 21, the restricted waveform separation learning
portion 81 may impose a base waveform restriction instead of the load restriction or
may impose both the load restriction and the base waveform restriction.

Fig. 29 is a flowchart illustrating a process of learning (learning process) of a
waveform model performed by the monitoring system of Fig. 28.

In step S151, the model learning unit 14 initializes the unique waveform W@, as the
model parameter
¢

of the overall models stored in the model storage unit 13, and the process proceeds to
step S152.

Here, the respective components of a column vector of D rows which is the unique
waveform W), are initialized using, for example, random numbers.

In step S152, the data acquisition unit 11 acquires current waveforms corresponding
to a predetermined time T and supplies current waveforms at the respective time points
t=1, 2,..., and T to the state estimation unit 12 and the model learning unit 14 as mea-
surement waveforms Y, Y»,..., and Yr, and the process proceeds to step S153.

Here, the data acquisition unit 11 also acquires voltage waveforms along with the
current waveforms at the time points t=1, 2,..., and T. The data acquisition unit 11
supplies the voltage waveforms at the time points t=1, 2,..., and T to the data output
unit 16.

In the data output unit 16, the voltage waveforms from the data acquisition unit 11
are used to calculate power consumption in the information presenting process (Fig.
10).

In step S153, the evaluation portion 71 of the state estimation unit 12 obtains an error
E which is an evaluation value E of Math (30) for obtaining the operating state Ct™,, of
each household electrical appliance #m by using the measurement waveforms Y, to Yr
from the data acquisition unit 11, and the unique waveform W@, of the waveform
model stored in the model storage unit 13.

In addition, the evaluation portion 71 supplies the error E to the estimation portion
72, and the process proceeds from step S153 to step S154.

In step S154, the estimation portion 72 estimates the operating state C®™,, of each
household electrical appliance #m by minimizing the error E of Math (30) from the
evaluation portion 71, so as to be supplied to the model learning unit 14, the label ac-
quisition unit 15, and the data output unit 16, and the process proceeds to step S155.

In step S155, the restricted waveform separation learning portion 81 of the model
learning unit 14 performs the waveform separation learning under a predetermined re-
striction such as the load restriction by using the measurement waveform Y, supplied

from the data acquisition unit 11 and the operating state Ct,; of the household
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electrical appliance #m supplied from the estimation portion 72, thereby obtaining an
update value Wmrew of the unique waveform We,

In other words, the restricted waveform separation learning portion 81 solves Math
(32) as the waveform separation learning, for example, under a load restriction, thereby
obtaining the update value W&rew, of the unique waveform W,

In addition, the restricted waveform separation learning portion 81 updates the
unique waveform W&, stored in the model storage unit 13 to the update value Wmrew,
of the unique waveform W@, and the process proceeds from step S155 to step S156.

In step S156, the model learning unit 14 determines whether or not a convergence
condition of the model parameter
L4

is satisfied.

Here, as the convergence condition of the model parameter
4,

for example, a condition in which the estimation of the operating state C™), in step
S154 and the update of unique waveform W, through the restricted waveform
separation learning in step S155 are repeatedly performed a predetermined number of
times set in advance, or a condition that a variation amount in the error E of Math (30)
before update of the model parameter
¢

and after update thereof is in a threshold value set in advance, may be employed.

In step S156, if it is determined that the convergence condition of the model
parameter
¢

is not satisfied, the process returns to step S153, and, thereafter, the processes in
steps S153 to S156 are repeatedly performed.

The processes in steps S153 to S156 are repeatedly performed, thus the estimation of
the operating state C®™,, in step S154 and the update of unique waveform W
through the restricted waveform separation learning in step S155 are alternately
repeated, and thereby accuracy of an operating state Ct™,, obtained in step S154 and
(an update value of) a unique waveform W@, obtained in step S155 is increased.

Thereafter, if it is determined that the convergence condition of the model parameter
L

is satisfied in step S156, the learning process finishes.

In addition, the state estimation unit 12 may estimate an operating state of a
household electrical appliance using any other methods instead of the integer pro-
gramming or the FHMM.

<Description of Computer to Which Present Technology Is Applied>



66

WO 2013/145779 PCT/JP2013/002182

[0512]

[0513]

[0514]

[0515]

[0516]

[0517]

[0518]

[0519]

[0520]

[0521]

Meanwhile, the above-described series of processes may be performed by hardware
or software. When a series of processes is performed by the software, a program con-
stituting the software is installed in a general purpose computer or the like.

Therefore, Fig. 30 shows a configuration example of an embodiment of a computer
in which the program for executing the above-described series of processes is installed.

The program may be recorded on a hard disk 105 or a ROM 103 which is a recording
medium embedded in the computer.

Alternatively, the program may be stored on a removable recording medium 111.
The removable recording medium 111 may be provided as so-called package software.
Here, the removable recording medium 111 includes, for example, a flexible disc, a
CD-ROM (Compact Disc Read Only Memory), an MO (Magneto Optical) disc, a
DVD (Digital Versatile Disc), a magnetic disk, a semiconductor memory, and the like.

In addition, the program may be installed into the computer from the removable
recording medium 111 as described above, and further may be downloaded to the
computer via a communication network or a broadcasting network and installed in the
hard disk 105. That is to say, the program may be transmitted to the computer, for
example, in a wireless manner, from a download site via an artificial satellite for digital
satellite broadcasting, or may be transmitted to the computer in a wired manner via a
network such as a LAN (Local Area Network) or the Internet.

The computer has a CPU (Central Processing Unit) 102 embedded therein, and the
CPU 102 is connected to an input and output interface 110 via a bus 101.

When a command is input by a user via the input and output interface 110 through an
operation of an input unit 107 or the like, the CPU 102 executes a program stored in a
ROM (Read Only Memory) 103 in response thereto. Alternatively, the CPU 102 loads
a program stored in the hard disk 105 to a RAM (Random Access Memory) 104 so as
to be executed.

Thereby, the CPU 102 performs the process according to the above-described
flowchart or the process performed by the above-described configuration of the block
diagram. In addition, the CPU 102 outputs or transmits the processed result from an
output unit 106 or a communication unit 108 via, for example, the input and output
interface 110, or records the result on the hard disk 105, as necessary.

In addition, the input unit 107 includes a keyboard, a mouse, a microphone, or the
like. Further, the output unit 106 includes an LCD (Liquid Crystal Display), a speaker,
or the like.

Here, in the present specification, a process performed by the computer according to
the program is not necessarily performed in a time series according to an order
described as a flowchart. In other words, the process performed by the computer

according to the program also includes a process (for example, a parallel process or a
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process using objects) performed in parallel or separately.

In addition, the program may be processed by a single computer (processor) or may
be processed so as to be distributed by a plurality of computers. Further, the program
may be transmitted to a remote computer and be executed.

In addition, in the present specification, the system indicates an assembly of a
plurality of constituent elements (devices, modules (components), or the like), and
whether or not all the constituent elements are in the same casing is not important.
Therefore, both a plurality of devices which are accommodated in separate casings and
are connected to each other via a network, and a single device where a plurality of
modules are accommodated in a single casing are a system.

In addition, embodiments of the present technology are not limited to the above-
described embodiments but may have various modifications without departing from
the scope of the present technology.

For example, the present technology may employ cloud computing where a single
function is distributed to a plurality of devices via a network and is processed in co-
operation.

In addition, each step described in the above flowchart may be not only executed by
a single device, but may be also distributed to a plurality of devices and be executed.

Further, in a case where a single step includes a plurality of processes, a plurality of
processes included in the step may be not only executed by a single device, but may be
also distributed to a plurality of devices and be executed.

In addition, the present technology may have the following configurations.

(A1) A method for monitoring an electrical device, comprising: obtaining data rep-
resenting a sum of electrical signals of two or more electrical devices, the two or more
electrical devices including a first electrical device; processing the data with a Factorial
Hidden Markov Model (FHMM) to produce an estimate of an electrical signal of the
first electrical device; and outputting the estimate of the electrical signal of the first
electrical device, wherein the FHMM has a factor corresponding to the first electrical
device, the factor having three or more states.

(A2) The method of (A1), wherein: the three or more states of the factor correspond
to three or more respective electrical signals of the first electrical device in three or
more respective operating states of the first electrical device.

(A3) The method of any of (A1), further comprising obtaining one or more pa-
rameters of the FHMM from a model storage unit.

(A4) The method of any of (A1), wherein the data comprises a time series of current
values and/or a time series of voltage values.

(A5) The method of any of (A1), wherein the electrical signal is a current signal or a

power signal.
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(A6) The method of any of (A1), further comprising: calculating a variance of the data
representing the sum of the electrical signals; and using the calculated variance as a
parameter of the FHMM.

(A7) The method of any of (A1), wherein: the FHMM has a second factor corre-
sponding to a second electrical device of the two or more electrical devices; and the
method further comprises: processing the data with the FHMM to produce a second
estimate of a second electrical signal of the second electrical device; calculating a first
individual variance of the estimate of the electrical signal of the first electrical device,
and using the first individual variance as a parameter of the factor corresponding to the
first electrical device; and calculating a second individual variance of the second
estimate of the second electrical signal of the second electrical device, and using the
second individual variance as a parameter of the second factor corresponding to the
second electrical device.

(A8) The method of any of (A1), further comprising: restricting the FHMM such that a
number of factors of the FHMM which undergo state transition at a same time point is
less than a threshold number.

(A9) The method of any of (A1), further comprising imposing a restriction on the
estimate of the electrical signal of the first electrical device.

(A10) The method of (A9), wherein: the electrical signal is a power signal; and
imposing the restriction comprises restricting the estimate of the power signal of the
first electrical device to have a non-negative value.

(A11) The method of (A9), wherein imposing the restriction comprises restricting the
electrical signal to correspond to one or more combinations of a plurality of prede-
termined base electrical signals.

(A12) The method of any of (A1), wherein processing the data with the Factorial
Hidden Markov Model (FHMM) comprises using cloud computing to process at least a
portion of the data.

(A13) The method of any of (A1), wherein outputting the estimate of the electrical
signal comprises displaying the estimate of the electrical signal.

(A14) The method of any of (A1) , wherein outputting the estimate of the electrical
signal comprises transmitting the estimate of the electrical system to a remote
computer.

(A15) The method of (A1), wherein the estimate of the electrical signal is an estimate
of a voltage signal.

(A16) The method of any of (A1), wherein the method is performed by a smart meter.
(B1) A monitoring apparatus, comprising: a data acquisition unit for obtaining data
representing a sum of electrical signals of two or more electrical devices, the two or

more electrical devices including a first electrical device; a state estimation unit for
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processing the data with a Factorial Hidden Markov Model (FHMM) to produce an
estimate of an operating state of the first electrical device, the FHMM having a factor
corresponding to the first electrical device, the factor having three or more states; and a
data output unit for outputting an estimate of an electrical signal of the first electrical
device, the estimate of the electrical signal being based at least in part on the estimate
of the operating state of the first electrical device.

(B2) The monitoring apparatus of (B1), further comprising: a model storage unit for
storing the factor of the FHMM, wherein: the three or more states of the factor
correspond to three or more respective electrical signals of the first electrical device in
three or more respective operating states of the first electrical device.

(B3) The monitoring apparatus of any of (B1) , further comprising a model storage unit
for storing one or more parameters of the FHMM.

(B4) The monitoring apparatus of any of (B1), wherein the data comprises a time
series of current values and/or a time series of voltage values.

(BS) The monitoring apparatus of any of (B1), wherein the estimate of the electrical
signal is an estimate of a current signal or a power signal.

(B6) The monitoring apparatus of any of (B1), further comprising a model learning
unit for updating a parameter of the FHMM, wherein updating the parameter of the
FHMM includes: calculating a variance of the data representing the sum of the
electrical signals, and using the calculated variance as the parameter.

(B7) The monitoring apparatus of any of (B1), further comprising a model learning
unit for updating one or more parameters of the FHMM, wherein: the state estimation
unit is for processing the data with the FHMM to produce a second estimate of a
second electrical signal of a second of the two or more electrical devices, the FHMM
having a second factor corresponding to the second electrical device; and updating the
one or more parameters of the FHMM includes: calculating a first individual variance
of the estimate of the electrical signal of the first electrical device, and using the first
individual variance as a parameter of the factor corresponding to the first electrical
device; and calculating a second individual variance of the second estimate of the
second electrical signal of the second electrical device, and using the second individual
variance as a parameter of the second factor corresponding to the second electrical
device.

(B8) The monitoring apparatus of any of (B1), wherein processing the data comprises
restricting the FHMM such that a number of factors of the FHMM which undergo state
transition at a same time point is less than a threshold number.

(B9) The monitoring apparatus of (B1), wherein processing the data comprises
imposing a restriction on the estimate of the electrical signal of the first electrical

device.
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(B10) The monitoring apparatus of (B9), wherein: the electrical signal is a power
signal; and imposing the restriction comprises restricting the estimate of the power
signal of the first electrical device to have a non-negative value.

(B11) The monitoring apparatus of (B9), wherein imposing the restriction comprises
restricting the electrical signal to correspond to one or more combinations of a plurality
of predetermined base electrical signals.

(B12) The monitoring apparatus of any of (B1), wherein processing the data with the
Factorial Hidden Markov Model (FHMM) comprises using cloud computing to process
at least a portion of the data.

(B13) The monitoring apparatus of any of (B1), wherein outputting the estimate of the
electrical signal comprises displaying the estimate of the electrical signal.

(B14) The monitoring apparatus of any of (B1), further comprising a communication
unit, wherein outputting the estimate of the electrical signal comprises transmitting the
estimate of the electrical system to a remote computer.

(B15) The monitoring apparatus of (B1), wherein the estimate of the electrical signal is
an estimate of a voltage signal.

(B16) The monitoring apparatus of any of (B1), wherein the monitoring apparatus is a
smart meter.

(C1) A monitoring apparatus, comprising: a data acquisition unit for obtaining data
representing a sum of electrical signals of two or more electrical devices, the two or
more electrical devices including a first electrical device; a state estimation unit for
processing the data with a Factorial Hidden Markov Model (FHMM) to produce an
estimate of an operating state of the first electrical device, the FHMM having a factor
corresponding to the first electrical device, the factor having three or more states; a
model learning unit for updating one or more parameters of the FHMM, wherein
updating the one or more parameters of the FHMM comprises performing restricted
waveform separation learning; and a data output unit for outputting an estimate of an
electrical signal of the first electrical device, the estimate of the electrical signal being
based at least in part on the estimate of the operating state of the first electrical device.
(C2) The monitoring apparatus of (C1), wherein performing restricted waveform
separation learning comprises imposing a restriction distinctive to the first electrical
device on a value of a corresponding parameter of the FHMM.

(C3) The monitoring apparatus of (C2), wherein the restriction comprises a load re-
striction.

(C4) The monitoring apparatus of any of (C2), wherein the restriction comprises a base
waveform restriction.

(D1) A data processing apparatus, comprising:

a data acquisition unit configured to obtain data representing a mixed signal of two or



71

WO 2013/145779 PCT/JP2013/002182

more time series signals;

a state estimation unit configure to estimate a parameter for modeling a time series
signal with a stochastic dynamics model;

wherein the state estimation unit is configured to estimate the parameter under a
specific restriction.

(D2) A data processing apparatus of (D1),

wherein the stochastic dynamics model is FHMM(Factorial Hidden Markov Model).
(D3) A data processing apparatus of (D1),

wherein the state estimation unit is configured to estimate the parameter under the
specific restriction by controlling the data to be additive data of positive factors.

(D4) A data processing apparatus of (D1),

wherein the state estimation unit is configured to estimate the parameter under the
specific constraint controlling at least one state of factors to output zero signals.

(D5) A data processing apparatus of (D2),

wherein the state estimation unit is configured to estimate the parameter under the
specific constraint controlling to minimize the probability of selecting non-zero state of
factors.

(D6) A data processing apparatus of (D1),

wherein the state estimation unit is configured to estimate the parameter under the
specific restriction by restricting the FHMM such that a number of factors of the
FHMM (Factorial Hidden Markov Model) which can undergo state transition at a same
time point is less than a threshold number.

(D7). A data processing apparatus of (D1),

wherein the state estimation unit is configured to estimate the parameter under the
specific restriction by restricting the estimated parameter to one or more combinations
of a plurality of predetermined parameters.

(D8) A data processing apparatus of (D1),

wherein the state estimation unit is configured to estimate the parameter under the
specific restriction by restricting the estimated parameter to one or more combinations
of a plurality of time series signals.

(D9) The data processing apparatus of (D2), wherein the state estimation unit is
configured to estimate the parameter under the specific restriction by:

calculating a variance of the data representing the mixed signal of the two or more time
series signals; and

using the calculated variance as a parameter of the FHMM (Factorial Hidden Markov
Model).

(E1) A data processing apparatus including a state estimation unit that performs state

estimation for obtaining a state probability which is in a state of each factor of an
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FHMM (Factorial Hidden Markov Model) by using sum total data regarding a sum
total of current consumed by a plurality of electrical appliances; and a model learning
unit that performs learning of the FHMM of which each factor has three or more states
by using the state probability.

(E2) The data processing apparatus set forth in (E1), wherein the FHMM includes as
model parameters

a unique waveform unique to each state of each factor, used to obtain an average value
of observation values of the sum total data observed in combinations of states of the re-
spective factors; a variance of observation values of the sum total data observed in the
combinations of states of the respective factors; an initial state probability that a state
of each factor is an initial state; and a transition probability that a state of each factor
transitions, and wherein the model learning unit includes a waveform separation
learning portion that performs waveform separation learning for obtaining the unique
waveform; a variance learning portion that performs variance learning for obtaining
the variance; and a state variation learning portion that performs state variation
learning for obtaining the initial state probability and the transition probability.

(E3) The data processing apparatus set forth in (E2), wherein the variance learning
portion obtains an individual variance for each factor, or an individual variance for
each state of each factor.

(E4) The data processing apparatus set forth in (E2) or (E3), wherein the state es-
timation unit obtains the state probability under a state transition restriction where the
number of factors of which a state transitions for one time point is restricted.

(ES) The data processing apparatus set forth in (E4), wherein the state estimation unit
obtains an observation probability that the sum total data is observed in the com-
binations of states of the respective factors by using the average value and the
variance; a forward probability

Ch,=z

that the sum total data Y1, Y2...., and Yt is observed and which is in a combination z
of states of the respective factors at the time point t, and a backward probability

[k, =z

which is in the combination z of states of the respective factors at the time point t and
thereafter that sum total data Yt, Yt+1,..., and YT is observed, with respect to a series
Y1, Y2....,and YT of the sum total data, by using the observation probability and the
transition probability; a posterior probability

Ch,z

which is in the combination z of states of the respective factors at the time point t by
using the forward probability

Ch,z
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and the backward probability

Ck,z;

and the state probability by marginalizing the posterior probability

Ch, =z,

and wherein the state estimation unit, by using a combination of states of the respective
factors as a particle, predicts a particle after one time point under the state transition re-
striction, and obtains the forward probability

Ch,z

of the combination z of states as the particle while repeating sampling of a prede-
termined number of particles on the basis of the forward probability

Ck,z;

and predicts a particle before one time point under the state transition restriction, and
obtains the backward probability

Ck,z

of the combination z of states as the particle while repeating sampling of a prede-
termined number of particles on the basis of the backward probability

Ok, z.

(E6) The data processing apparatus set forth in any one of (E2) to (ES), wherein the
waveform separation learning portion obtains the unique waveform under a restriction
distinctive to the electrical appliance.

(E7) The data processing apparatus set forth in (E6), wherein the waveform separation
learning portion obtains the unique waveform under a load restriction where power
consumption of the electrical appliance obtained using the unique waveform does not
have a negative value.

(E8) The data processing apparatus set forth in (E6), wherein the waveform separation
learning portion obtains the unique waveform under a base waveform restriction where
the unique waveform is represented by one or more combinations of a plurality of base
waveforms prepared for the electrical appliances.

(E9) A data processing method including the steps of performing state estimation for
obtaining a state probability which is in a state of each factor of an FHMM (Factorial
Hidden Markov Model) by using sum total data regarding a sum total of current
consumed by a plurality of electrical appliances; and performing learning of the
FHMM of which each factor has three or more states by using the state probability.
(E10) A program causing a computer to function as a state estimation unit that
performs state estimation for obtaining a state probability which is in a state of each
factor of an FHMM (Factorial Hidden Markov Model) by using sum total data
regarding a sum total of current consumed by a plurality of electrical appliances; and a

model learning unit that performs learning of the FHMM of which each factor has
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three or more states by using the state probability.

Reference Signs List

11 DATA ACQUISITION UNIT

12 STATE ESTIMATION UNIT

13 MODEL STORAGE UNIT

14 MODEL LEARNING UNIT

15 LABEL ACQUISITION UNIT

16 DATA OUTPUT UNIT

21 EVALUATION PORTION

22 ESTIMATION PORTION

31 WAVEFORM SEPARATION LEARNING PORTION
32 VARIANCE LEARNING PORTION

33 STATE VARIATION LEARNING PORTION

42 ESTIMATION PORTION

51 RESTRICTED WAVEFORM SEPARATION LEARNING PORTION
52 INDIVIDUAL VARIANCE LEARNING PORTION
71 EVALUATION PORTION

72 ESTIMATION PORTION

81 RESTRICTED WAVEFORM SEPARATION LEARNING PORTION
101 BUS

102 CPU

103 ROM

104 RAM

105 HARD DISK

106 OUTPUT UNIT

107 INPUT UNIT

108 COMMUNICATION UNIT

109 DRIVE

110 INPUT AND OUTPUT INTERFACE

111 REMOVABLE RECORDING MEDIUM
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Claims

A data processing apparatus, comprising:

a data acquisition unit configured to obtain data representing a mixed
signal of two or more time series signals;

a state estimation unit configure to estimate a parameter for modeling a
time series signal with a stochastic dynamics model;

wherein the state estimation unit is configured to estimate the
parameter under a specific restriction.

The data processing apparatus of claim 1, wherein the stochastic
dynamics model is FHMM (Factorial Hidden Markov Model).

The data processing apparatus of claim 1, wherein the state estimation
unit is configured to estimate the parameter under the specific re-
striction by controlling the data to be additive data of positive factors.
The data processing apparatus of claim 1, wherein the state estimation
unit is configured to estimate the parameter under the specific
constraint controlling at least one state of factors to output zero signals.
The data processing apparatus of claim 1, wherein the state estimation
unit is configured to estimate the parameter under the specific
constraint controlling to minimize the probability of selecting non-zero
state of factors.

The data processing apparatus of claim 2, wherein the state estimation
unit is configured to estimate the parameter under the specific re-
striction by restricting the FHMM such that a number of factors of the
FHMM (Factorial Hidden Markov Model) which can undergo state
transition at a same time point is less than a threshold number.

The data processing apparatus of claim 1, wherein the state estimation
unit is configured to estimate the parameter under the specific re-
striction by restricting the estimated parameter to one or more com-
binations of a plurality of predetermined parameters.

The data processing apparatus of claim 1, wherein the state estimation
unit is configured to estimate the parameter under the specific re-
striction by restricting the estimated parameter to one or more com-
binations of a plurality of time series signals.

The data processing apparatus of claim 2, wherein the state estimation
unit is configured to estimate the parameter under the specific re-
striction by:

calculating a variance of the data representing the mixed signal of the
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two or more time series signals; and
using the calculated variance as a parameter of the FHMM (Factorial
Hidden Markov Model).
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FIG. 7
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