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Description 
Title of Invention: DATA PROCESSING APPARATUS, DATA 

PROCESSING METHOD, AND PROGRAM 
Technical Field 

[0001] <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. 

[0002] 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 
[0003] 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. 

[0004] 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. 

[0005] 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. 

[0006] However, installing smart taps in all the outlets in a household is not easy in terms of 
costs. 

[0007] 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. 

[0008] 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. 

[0009] 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. 

[0010] 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. 

[0011] 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. 

[0012] 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. 

[0013] 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. 

[0014] 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. 

[0015] 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. 

[0016] 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 
Patent Literature 

[0017] PTL 1: Specification of U.S. Patent No. 4858141 
PTL 2: Japanese Unexamined Patent Application Publication No. 2001-330630 
PTL 3: International Publication brochure WOO 1/077696 
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Non Patent Literature 
[0018] NPL 1: Bons M., Deville Y., Schang D. 1994. Non-intrusive electrical load monitoring 

using Hidden Markov Models. Third international Energy Efficiency and DSM 
Conference, October 31, Vancouver, Canada., p. 7 
NPL 2: Hisahide NAKAMURA, Koichi ITO, Tatsuya SUZUKI, "Load Monitoring 
System of Electric Appliances Based on Hidden Markov Model", IEEJ Transactions B, 
Vol. 126, No. 12, pp. 12231229, 2006 

Summary of Invention 
Technical Problem 

[0019] 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. 

[0020] 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)2 which is a 
square of the number of the states. 

[0021] 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 220=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. 

[0022] 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. 

[0023] 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 
[0024] 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. 

[0025] 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. 

[0026] 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. 

[0027] 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. 

[0028] 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 
[0029] 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 
[0030] [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 
ALPHAlzand the backward probability BETA Lz of the FHMM, and forward 
probability ALPHALi and the backward probability BETAtJ 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. 1 l]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.l3]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.l5]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 
ALPHAtp by applying a particle filter to a combination z of states of the FHMM. 
[fig.l7]Fig. 17 is a diagram illustrating a method of obtaining the backward probability 
BETAtp by applying a particle filter to a combination z of states of the FHMM. 
[fig.l8]Fig. 18 is a diagram illustrating a method of obtaining the posterior probability 
GAMMAtjP 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 

[0031 ] cOutline of Present Technology> 
[0032] 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. 

[0033] 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. 

[0034] 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). 

[0035] 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. 
[0036] 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. 

[0037] 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. 

[0038] 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. 

[0039] Fig. 2 is a diagram illustrating an outline of the waveform separation learning 
performing the household electrical appliance separation. 

[0040] In the waveform separation learning, a current waveform Yt which is sum total data 
at the time point t is set as an addition value (sum total) of a current waveform W(m) of 
current consumed by each household electrical appliance #m, and the current 
waveform W(m) consumed by each household electrical appliance #m is obtained from 
the current waveform Yt. 

[0041] 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). 

[0042] For this reason, in Fig. 2, the current waveform Yt as the sum total data becomes an 
addition value (sum total) of current consumption W(1), W(2), W(4) and W(5) of the re­
spective household electrical appliances #1, #2, #4 and #5. 

[0043] <First Embodiment of Monitoring System to Which Present Technology is Applied> 
[0044] 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. 
[0045] 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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[0046] 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. 

[0047] In other words, the data acquisition unit 11 is constituted by a measurement device 
(sensor) which measures, for example, current and voltage. 

[0048] 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. 

[0049] 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) 
t 

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. 

[0050] In other words, in Fig. 3, the state estimation unit 12 has an evaluation portion 21 and 
an estimation portion 22. 

[0051] 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 
+ 

stored in the model storage unit 13, so as to be supplied to the estimation portion 22. 
[0052] The estimation portion 22 estimates a state of each of a plurality of household 

electrical appliances #1 to #M forming the overall models 

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. 

[0053] The model storage unit 13 stores overall models (model parameters) 
+ 

which are a plurality of overall models. 
[0054] 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. 
[0055] The parameters 

+ 
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. 

[0056] The parameters 
t 

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. 

[0057] 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. 

[0058] The model learning unit 14 performs model learning for updating the model pa­
rameters 

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. 
[0059] 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. 

[0060] 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. 

[0061] The variance learning portion 32 performs variance learning for obtaining (updating) 
a variance 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 variance parameter stored in the model 
storage unit 13 to a variance parameter obtained by the variance learning. 

[0062] 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. 

[0063] The label acquisition unit 15 acquires a household electrical appliance label L(m) 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(m) 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. 

[0064] The data output unit 16 obtains power consumption U(m) 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 
r* 

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. 

[0065] In addition, in the data output unit 16, the power consumption U(m) 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(m) supplied 
from the label acquisition unit 15. 

[0066] 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. 

[0067] Fig. 4 is a diagram illustrating the FHMM. 
[0068] 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. 
[0069] In the normal HMM, at the time point t, a single observation value Yt is observed in a 

single state St which is at the time point t. 
[0070] On the other hand, in the FHMM, at the time point t, a single observation value Yt is 

observed in a combination of a plurality of states S(1)t, S(2)t,..., and S(M)t which are at the 
time point t. 

[0071] 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 I. 
Jordan, Factorial Hidden Markov Models', Machine Learning Volume 29, Issue 2-3, 
Nov./Dec. 1997 (hereinafter, also referred to as a document A). 

[0072] Fig. 5 is a diagram illustrating an outline of the formulation of the household 
electrical appliance separation using the FHMM. 

[0073] 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. 

[0074] In the FHMM, a combination of a plurality of states S(1)t, to S(M)t 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). 
[0075] Fig. 5 shows the FHMM where the number M of the factors is three. 
[0076] 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. 

[0077] 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. 

[0078] 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. 

[0079] 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. 

[0080] 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. 

[0081] In the FHMM, in a state #mi of the factor #m, a unique waveform W(m)#mi which is a 
unique waveform for each state of the factor is observed (generated). 

[0082] In Fig. 5, in the factor #1, a unique waveform W(1)#i4 is observed in the state #14 
which is at the time point t=t0, and, in the factor #2, a unique waveform W(2)#2I is 
observed in the state #21 which in at the time point t=t0. Further, in the factor #3, a 
unique waveform W(3)#33 is observed in the state #33 which in at the time point t=t0. 

[0083] 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. 

[0084] 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 Yt0, Yt0+i,... are observed which are sum total 
data at the respective time points t=..., tO, tl,... 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 
4> 

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({St,Yt}) of a series of the current waveform Yt 

observed in the FHMM and a combination St of a state S(m\ of the factor #m is 
calculated using Math (1) assuming the Markov property. 

[0092] [Math.l] 

PaSfYtJ) =P($t}lHYiiS,)frP(StiSt„t)P(Yti$t) 

...(1) 
[0093] Here, the simultaneous distance P({St,Yt}) indicates the probability that the current 

waveform Yt is observed in a combination (a combination of states of M factors) St of 
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a state S(m)t of the factor #m at the time point t. 
[0094] P(Si) indicates the initial state probability which is in a combination Si of a state S(m)i 

of the factor #m is in at the initial time point t=l. 
[0095] P(StISt-i) indicates the transition probability that a factor is in a combination St_i of 

states at the time point t-1 and transitions to a combination St of states at the time point 
t. 

[0096] P(YtISt) indicates the observation probability that the current waveform Yt is 
observed in the combination St of states at the time point t. 

[0097] The combination St of states at the time point t is a combination of states S(1\, S(2)t, 
and S(M)t at the time point t of M factors #1 to #M, and is represented by the Math St 

={S(1)t, S(\ and S(M\}. 
[0098] 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(m)t of 
the factor #m transitions independently from a state S(m)t of another factor #m'. 

[0099] Further, the number K(m) of states of an HMM which is the factor #m of the FHMM 
may employ the number independent from the number K(m) of states of an HMM 
which is another factor #m'. However, here, for simplicity of description, the numbers 
K(1) to K(M) of the factors #1 to #M are the same number K as indicated by the Math K 
(D=K(2)=... =K(M)=K. 

[0100] In the FHMM, the initial state probability P(Si), the transition probability P(StISt-i), 
and the observation probability P(YtISt) which are necessary to calculate the si­
multaneous distance P({St,Yt}) in Math (1) may be calculated as follows. 

[0101] That is to say, the initial state probability P(Si) may be calculated according to Math 
(2). 

[0102] [Math.2] 

P(S,) = TTP(sf) 
m=1 v ' 

... (2) 
[0103] Here, P(S(m)i) indicates the initial state probability that the state S(m)i of the factor #m 

is a state (initial state) which is at the initial time point t=l. 
[0104] The initial state probability P(S(m)i) 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=l, 2,..., and K) state of the factor #m as a k-th row component. 

[0105] The transition probability P(StISt_i) may be calculated according to Math (3). 
[0106] [Math.3] 

P(st|st_,) = TTPfs^ls^,) 
m=1 V ' 

... (3) 
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[0107] Here, P(S(m)tIS(m)t_i) indicates the transition probability that the factor #m is in a state S 
(m\_i at the time point t-1 and transitions to a state S(m\ at the time point t. 

[0108] The transition probability P(S(m)tIS(m)t_i) 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'=l, 2,..., and K) state #k' as a k-th row and 
k'-th column component. 

[0109] The observation probability P(YtISt) may be calculated according to Math (4). 
[0110] [Math.4] 

f ^ 
P(Y.tlSt) « icr17*(2*5_IW rn I (Yt-tft)' <f' (Yt-ft4 

S J. 

... (4) 
[0111] Here, the dash (') indicates transposition, and the superscript -1 indicates an inverse 

number (inverse matrix). Further, ICI indicates an absolute value (determinant) 
(determinant calculation) of C. 

[0112] Further, D indicates a dimension of the observation value Yt. 
[0113] 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 Yt corresponding to one 
time point. 

[0114] If the number of samplings where the data acquisition unit 11 samples a current cor­
responding to one cycle is D, the current waveform Yt is a column vector of D rows. 

[0115] According to the observation probability P(YtISt) of Math (4), the observation value 
Yt follows the normal distribution where a variance (covariance matrix) is C when an 
average value (average vector) is 
Ht-

[0116] The average value 
Mt 

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

[0117] The average value 
Mt 

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

[0118] [Math. 5.1] 

Ut= 
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... (5.1) 
[0119] [Math. 5.2] 

/tr.*,) |cf,,,2(24+ AJSI/ oj} 
... (5.2) 

[0120] Observation Probability P(YtISt) may also be calculated according to Math (5.2), 
where 
[St*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. 

[0121] Here, if a unique waveform of the state #k of the factor #m is indicated by unique 
waveform W(m)k, a unique waveform W(m)k 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 Yt. 

[0122] In addition, the unique waveform W(m) is a collection of the unique waveforms W(m)i, 
W(m)2,..., and W(m)K 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(m)k of the state #k of the factor #m as the k-th component. 

[0123] In addition, S*(m)t indicates a state of the factor #m which is at the time point t, and, 
hereinafter, S*(m)t is also referred to as a present state of the factor #m at the time point 
t. The present state S*(m\ 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. 

[0124] [Math. 6] 
'(T 

loj 
... (6) 

[0125] In a case where a state of the factor #m at the time point t is the state #k, in a column 
vector S*(m)t of K rows which is the present state S*(m)t at the time point t, only the k-th 
row component is 1, and the other components are 0. 

[0126] According to Math (5.1), a sum total of the unique waveform W(m)k of the state #k of 
each factor #m at the time point t is obtained as the average value 
Mt 

of the current waveform Yt at the time point t. 
[0127] The model parameters 

+ 



WO 2013/145779 

17 

PCT/JP2013/002182 

of the FHMM are the initial state probability P(S(m)i) of Math (2), the transition 
probability P(S(m)tIS(m)t_i) of Math (3), the variance C of the Math (4), and the unique 
waveform W(m) (=W(m)i, W(m)2,..., and W(m)K) of Math (5.1), and the model parameters 
+ 
of the FHMM are obtained in the model learning unit 14 of Fig. 3. 

[0128] In other words, the waveform separation learning portion 31 obtains the unique 
waveform W(m) 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(m)i) and the transition probability P(S(m)tIS(m)t_i) as an 
initial state probability and a state variation parameter through the station variation 
learning. 

[0129] 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 220=1,048,576, and the number of 
transition probabilities is 1,099,511,627,776 which is the square thereof. 

[0130] 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. 
[0131] The learning of the FHMM, that is, update of the initial state probability P(S(m)i), the 

transition probability P(S(m)tIS(m)t_i), the variance C, and the unique waveform W(m) 

which are the model parameters 

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

[0132] 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 

of a conditional complete data log likelihood of Math (7). 
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[0133] [Math.7] 

Q(^n^>=E{logP({St,Yt]j^)j^, {St,Yt}} 

... (7) 
[0134] Here, the expected value 

Q (<frne"l <|>) 
of the conditional complete data log likelihood means an expected value of the log 

likelihood 
log (P ({St, Yt} I ) 

that the complete data {St,Yt} is observed under new model parameters 
<|>n™ 

in a case where the complete data {St,Yt} is observed under the model parameters 
*-

[0135] In a process of the E step of the EM algorithm, (a value corresponding to) an 
expected value 
Q«r"i<io 

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 
<t>neH 

for further increasing the expected value 
Q(+newl*) 

obtained through the process of the E step are obtained, and the model parameters 
«l» 

are updated to the new model parameters 
i new <l> 

(for further increasing the expected value 
Q«r"i4»). 

[0136] 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). 

[0137] In step SI 1, the model learning unit 14 initializes the initial state probability P(S(m)i), 
the transition probability P(S(m)tIS(m)t_i), the variance C, and the unique waveform W(m) 

which are the model parameters 
* 

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

[0138] Here, a k-th row component of the column vector of K rows which is the initial state 
probability P(S(m)i), that is, a k-th initial state probability 
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of the factor #m is initialized to, for example, 1/K. 
[0139] An i-th row and j-th column component (where i and j=l, 2,..., and K) of the matrix 

of K rows and K columns which is the transition probability P(S(m)tIS(m)t_i), that is, the 
transition probability 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(m)u+P(m)ij2+...+P(m) 

i,K=l-

[0140] 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. 

[0141] A k-th column vector of the matrix of D rows and K columns which is the unique 
waveform W(m), that is, each component of the column vector of D rows which is the 
unique waveform W(m)k of the state #k of the factor #m is initialized using, for 
example, random numbers. 

[0142] 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=l, 2,..., and T to the state estimation unit 12 and the model learning unit 14 as mea­
surement waveforms Yi, Y2,..., and YT, and the process proceeds to step S13. 

[0143] Here, the data acquisition unit 11 also acquires voltage waveforms along with the 
current waveforms at the time points t=l, 2,..., and T. The data acquisition unit 11 
supplies the voltage waveforms at the time points t=l, 2,..., and T to the data output 
unit 16. 

[0144] In the data output unit 16, the voltage waveforms from the data acquisition unit 11 
are used to calculate power consumption. 

[0145] In step S13, the state estimation unit 12 performs the process of the E step using the 
measurement waveforms Yi to YT from the data acquisition unit 11, and the process 
proceeds to step S14. 

[0146] 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 Yi to 
YT 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. 

[0147] 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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[0148] In step S14, the model learning unit 14 performs the process of the M step using the 
measurement waveforms Yi to YT 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. 

[0149] 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 Yi to YT 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 

the transition probability P(m)ij, and the variance C, and the unique waveform W(m), 
which are the model parameters 
+ 

of the FHMM stored in the model storage unit 13. 
[0150] In step S15, the model learning unit 14 determines whether or not a convergence 

condition of the model parameters 
+ 

is satisfied. 
[0151] Here, as the convergence condition of the model parameters 

<l>' 
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 Yi to YT 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. 

[0152] In step S15, if it is determined that the convergence condition of the model pa­
rameters 
+ 

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

[0153] Further, if it is determined that the convergence condition of the model parameters 
+ 

is satisfied in step S15, the learning process finishes. 
[0154] 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. 
[0155] In step S21, the evaluation portion 21 obtains the observation probability P(YtISt) of 
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Math (4) as an evaluation value E with respect to each combination St 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(m), and the measurement 
waveforms Yt={ Y1; Y2,..., and YT} from the data acquisition unit 11, so as to be 
supplied to the estimation portion 22, and the process proceeds to step S22. 

[0156] In step S22, the estimation portion 22 obtains the forward probability 
O-L.y 

(ALPHAtz)that the measurement waveforms Yh Y2,..., and Yt 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(YtISt) from the evaluation portion 21, and the 
transition probability P(m)ij (and the initial state probability 
7t(m)) 

ofp(m) the FHMM as the overall models 
+ 

stored in the model storage unit 13, and the process proceeds to step S23. 
[0157] 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). 

[0158] The forward probability 
Ot.z 

may be obtained according to, for example, the recurrence formula 
at,z = E«t i_„P (z | w) p (Yt | z) 

using the forward probability 
«t i.-

before one time point. 
[0159] In the recurrence formula 

at,z = Xot i,„P{z|w)P{Yt|z), E 

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

[0160] In addition, in the recurrence formula 
dtrZ = Eat i,»P(z|w)P(Yt|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(Ytlz) 
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indicates the observation probability that the measurement waveform Yt is observed in 
the combination z of states at the time point t. 

[0161] In addition, as an initial value of the forward probability 
Ot,z, 

that is, the forward probability 
iirZ 

at the time point t=l, a product of the initial state probability 

of the state #k of each factor #m forming the combination z of states. 
[0162] In step S23, the estimation portion 22 obtains the backward probability 

pt,z 

(BETAtz) which is in the combination z of states at the time point t and, thereafter, 
that the measurement waveforms Yt, Yt+1,..., and YT are observed, by using the ob­
servation probability P(YtISt) from the evaluation portion 21, and the transition 
probability of the FHMM as the overall models 
«l» 

stored in the model storage unit 13, and the process proceeds to step S24. 
[0163] Here, a method of obtaining the backward probability of an HMM is disclosed, for 

example, in page 336 of the above-described document B. 
[0164] The backward probability 

Pt.z 

may be obtained according to the recurrence formula 
pt,z = EP(Yt | z) P (z | w) pt+i,* 

using the forward probability 
Pt+1,K 

after one time point. 
[0165] In the recurrence formula 

pt,z = EP{Yt|z)P{z|w)pt+1,w, E 

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

[0166] Further, in the recurrence formula 
Pt,z = EP (Yt | z) P (w| z) Pt+irl,, 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(Ytlz) 
indicates the observation probability that the measurement waveform Yt is observed in 
the combination z of states at the time point t. 

[0167] In addition, as an initial value of the backward probability 
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pt,z I 

that is, the backward probability 

at the time point t=T, 1 is employed. 
[0168] In step S24, the estimation portion 22 obtains a posterior probability 

Yt,z 

which is in the combination z of states at the time point t in the FHMM as the overall 
models 
+ 

according to Math (8) by using the forward probability 
Ot,z 

and the backward probability 
Pt.zi 

and process proceeds to step S25. 
[0169] [Math. 8] 

X 011 iv/?t, w 
*e$t 

... (8) 
[0170] Here, 

£ 

of the denominator of the right side of Math (8) indicates summation taken by 
changing w to all the combinations St of states which can be taken at the time point t. 

[0171] According to Math (8), the posterior probability 
Yt.* 

is obtained by normalizing a product 
«t,zPt,z 

of the forward probability 
«t,z 

and the backward probability 
Pt,Z 

with a sum total 

of the product 

for combinations 
weSt 

of states which can be taken by the FHMM. 
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[0172] In step S25, the estimation portion 22 obtains the posterior probability <S(m)t> that the 
factor #m is in the state S(m)t at the time point t and the posterior probability <S(m)tS(nY> 
that the factor #m is in the state S(m)t and another factor #n is in the state S(n)t at the time 
point t, by using the posterior probability 
Yt,z» 

and the process proceeds to step S26. 
[0173] Here, the posterior probability <S(m)t> may be obtained according to Math (9). 
[0174] [Math.9] 

... (9) 
[0175] According to Math (9), the posterior probability <S(m)t> that the factor #m is in the 

state S(m)t at the time point t is obtained by marginalizing the posterior probability 

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. 

[0176] In addition, the posterior probability <S(m)t> 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. 

[0177] The posterior probability <S(m)tS(nY> may be obtained according to Math (10). 
[0178] [Math. 10] 

(SW)= I rtz 

... (10) 
[0179] According to Math (10), the posterior probability <S(m)tS(nY> that the factor #m is in 

the state S(m)t and another factor #n is in the state S(m)t at the time point t is obtained by 
marginalizing the posterior probability 
Tt,* 

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. 

[0180] In addition, the posterior probability <S(m)tS(nY> 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. 

[0181] In step S26, the estimation portion 22 obtains the posterior probability <S(m)t_iS(mY> 
that the factor #m is in the state S(m)t_i at the time point t-1 and is in the state S(m)t at the 
nex time point t, by using the forward probability 
®tfZf 
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the backward probability 
Pt,z I 

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

[0182] In addition, the estimation portion 22 supplies the posterior probabilities <S(m\>, <S 
(m\S(nY> and <S(m)t_iS(mY> 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. 

[0183] Here, the posterior probability <S(m)t_iS(mY> may be obtained according to Math (11). 
[0184] [Math. 11] 

Iat_! sP\2i«)P(Ytl2) Bt l 

" t""1 1 ' z 

...(11) 
[0185] In calculation of the posterior probability <S(m)t_iS(mY> 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 
Tjll) . v pt2) y ypW 
f i (1) #• (1) * i(2),j(2)X~ ±{M),j{M) 

of the transition probability P(1)i(i)j(i> from the state #i(l) of the factor #1 forming the 
combination w of states to the state #j(l) of the factor #1 forming the combination z of 
states, the transition probability P(2)i(2>j(2) 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^VMWIM) 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). 

[0186] In addition, the posterior probability <S(m)t.iS(m)t'> 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. 

[0187] Fig. 8 is a diagram illustrating a relationship between the forward probability 

and the backward probability 

of the FHMM, and the forward probability 
Ot.i 

(ALPHAti) and the backward probability 

(BETAtJ) of a (normal) HMM. 
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[0188] In relation to the FHMM, an HMM equivalent to the FHMM can be configured. 
[0189] An HMM equivalent to a certain FHMM has states corresponding to the combination 

z of states of respective factors of the FHMM. 
[0190] In addition, the forward probability 

Ot.z 

and the backward probability 
Pt,Z 

of the FHMM conform to the forward probability 
"t.i 

and the backward probability 
Pt.i 

of the HMM equivalent to the FHMM. 
[0191] A of Fig. 8 shows an FHMM including the factors #1 and #2 each of which has two 

states #1 and #2. 
[0192] In the FHMM of A of Fig. 8, as a combination z=[k,k'] 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. 

[0193] B of Fig. 8 shows an HMM equivalent to the FHMM of A of Fig. 8. 
[0194] 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. 

[0195] In addition, the forward probability 
«t,z - {etc 

of the FHMM of A of Fig. 8 conforms to the forward probability 
«t,i = {On, U,l)r Ot, {1,21,0^ (2,1), Oti(2,2)} 

of the HMM of B of Fig. 8. 
[0196] Similarly, the backward probability 

Pt,z = {Pt, [1,1] r pt, [1,2] , Pt, [2,11 # Pt, [2,2] 1 

of the FHMM of A of Fig. 8 conforms the forward probability 
Pt,i = {Pt, (1,1) J- Pt, (1,2) , Pt, (2,1) , Pt, (2,2)} 

of the HMM of B of Fig. 8. 
[0197] For example, the denominator of the right side of the above-described Math (8), that 

is, the sum total 
X<X,.„PL,W 

of the product 
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®k,wPt,¥ 

for combinations 
WESt 

of states which can be taken by the FHMM is indicated by the Math 
Xcit^Pt ,w=ttt, [1,11 Pt, [l.ll+ttt, [1,2] 

Pt, [1,21+Ot, [2,1] Pt, [2,l]+«t, [2,2] Pt, [2,2] 

for the FHMM of A of Fig. 8. 
[0198] 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. 
[0199] In step S31, the waveform separation learning portion 31 performs the waveform 

separation learning by using the measurement waveform Yt from the data acquisition 
unit 11, and the posterior probabilities <S(m)t> and <S(m)tS(nY> from the estimation 
portion 22, so as to obtain an update value W(m)new of the unique waveform W(m), and 
updates the unique waveform W(m) stored in the model storage unit 13 to the update 
value W(m)new, and the process proceeds to step S32. 

[0200] In other words, the waveform separation learning portion 31 calculates Math (12) as 
the waveform separation learning, thereby obtaining the update value W(m)new of the 
unique waveform W(m). 

[0201] [Math. 12] 

Wnew = I vt<s;> 
t=i 

i<sts;> 
t=i 

\* 

... (12) 
[0202] Here, Wnew is a matrix of D rows and 

KxM 

columns in which the update value W(m)new of the unique waveform W(m) 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-l)K+k columns of the 
unique waveform (update value thereof) Wnew which is a matrix of D rows and 
KxM 

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

[0203] <St'> is a row vector of 
KxM 

columns obtained by transposing a column vector of 
KxM 

rows in which the posterior probability <S(m)t> which is a column vector of K rows is 
arranged in order of the factor #m from the top to the bottom. A ((m-l)K+k)-th column 
component of the posterior probability <St'> which is the row vector of 
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KxM 

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

[0204] <StSt'> is a matrix of 
KXM 

rows and 
KXM 

columns in which the posterior probability <S(m)tS(nY> 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-l)K+k)-th row and 
((n-l)K+k')-th column component of the posterior probability <StSt'> which is a matrix 

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. 

[0205] The superior asterisk (*) indicates an inverse matrix or a pseudo-inverse matrix. 
[0206] According to the waveform separation learning for calculating Math (12), the mea­

surement waveform Yt is separated into a unique waveform W(m) such that an error 
between the measurement waveform Yt and the average value 

[0207] In step S32, the variance learning portion 32 performs the variance learning by using 
the measurement waveform Yt from the data acquisition unit 11, the posterior 
probability <S(m)t> from the estimation portion 22, and the unique waveform W(m) 

stored in the model storage unit 13, so as to obtain an update value Cnew of the variance 
C, and updates the variance C stored in the model storage unit 13, and the process 
proceeds to step S33. 

[0208] In other words, the variance learning portion 32 calculates Math (13) as the variance 
learning, thereby obtaining the update value Cnew of the variance C. 

[0210] In step S33, the state variation learning portion 33 performs the station variation 
learning by using the posterior probabilities <S(m)t> and <S(m)tS(mY> from the estimation 
portion 22 so as to obtain an update value P(m,Ljncw of the transition probability P(m)ij and 

of 

jit=XW(m)SMm)t 

of Math (5.1) becomes as small as possible. 

[0209] [Math. 13] 

... (13) 
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an update value 
(m) Den 7t 

of the initial state probability 
X™, 

and updates the transition probability P(m\j and the initial state probability 

stored in the model storage unit 13 to the update value P(m,Lincw of the update value 

and the process returns from the process of the M step. 
[0211] 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(m,ijncw of the 
transition probability and the update value 

of the initial state probability 
71™. 

[0212] [Math. 14] 

p(m)new _ t=2 
'i.j ~ T 

Z(s«, ,s«> 

t=2 

... (14) 
[0213] [Math. 15] 

^ (nOriew _ 

... (15) 
[0214] Here, <S(m\_14S(m\j> is an i-th row and j-th column component of the posterior 

probability <S(m)t_iS(mY> 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. 

[0215] <S(m)t_i4> is an i-th row component of the posterior probability <S(m)t_i> 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. 

[0216] 7i1w (7ufm,ne-) 

is a column vector of K rows which has (the update value 
Tt{*Ve" Of) 

the initial state probability 
7lWt 

of the state #k of the factor #m as a k-th row component. 
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[0217] 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). 

[0218] In step S41, the data output unit 16 obtains power consumption U(m) of each factor 
#m by using the voltage waveform (a voltage waveform corresponding to the mea­
surement waveform Yt which is a current waveform) Vt from the data acquisition unit 
11, the posterior probability <S(m\> which is the estimation result of the state es­
timation from the state estimation unit 12, and the unique waveform W(m) stored in the 
model storage unit 13, and the process proceeds to step S42. 

[0219] Here, the data output unit 16 obtains the power consumption U(m) of the household 
electrical appliance #m corresponding to the factor #m at the time point t by using the 
voltage waveform Vt at the time point t and the current consumption At of the 
household electrical appliance #m corresponding to the factor #m at the time point t. 

[0220] In the data output unit 16, the current consumption At of the household electrical 
appliance #m corresponding to the factor #m at the time point t may be obtained as 
follows. 

[0221] That is to say, for example, in the factor #m, the data output unit 16 obtains the 
unique waveform W(m) of the state #k where the posterior probability <S(m)t> is the 
maximum, as the current consumption At of the household electrical appliance #m cor­
responding to the factor #m at the time point t. 

[0222] In addition, the data output unit 16 obtains weighted addition values of the unique 
waveforms W(m)i, W(m)2,..., and W(m)K 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(m\> which is a column vector of K columns as a weight, as 
the current consumption At of the household electrical appliance #m corresponding to 
the factor #m at the time point t. 

[0223] 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-l) states become nearly 0. 

[0224] As a result, in the factor #m, the unique waveform W(m) of the state #k where the 
posterior probability <S(m)t> is the maximum is substantially the same as the weighted 
addition values of the unique waveforms W(m\, W(m)2,..., and W(m)K 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. 

[0225] In step S42, the label acquisition unit 15 acquires a household electrical appliance 
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label L(m) 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. 

[0226] Here, the label acquisition unit 15 may display, for example, the current consumption 
At or the power consumption U(m) 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(m), 
receive the name of a household electrical appliance matching the current consumption 
At or the power consumption U(m), 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(m). 

[0227] 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 At or the power consumption U(m) 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(m), as the household electrical appliance label L(m). 

[0228] 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(m) has already been acquired and supplied to the data output unit 16, the process 
in step S42 may be skipped. 

[0229] In step S43, the data output unit 16 displays the power consumption U(m) of each 
factor #m on a display (not shown) along with the household electrical appliance label 
L(m) of each factor #m so as to be presented to a user, and the information presenting 
process finishes. 

[0230] Fig. 11 is a diagram is a diagram illustrating a display example of the power con­
sumption U(m), performed in the information presenting process of Fig. 10. 

[0231] The data output unit 16 displays, for example, as shown in Fig. 11, a time series of 
the power consumption U(m) of the household electrical appliance #m corresponding to 
each factor #m on a display (not shown) along with the household electrical appliance 
label L(m) such as the name of the household electrical appliance #m. 

[0232] 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. 

[0233] 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. 

[0234] 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. 

[0235] 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. 

[0236] <Second Embodiment of Monitoring System to Which Present Technology is 
Applied> 

[0237] 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. 

[0238] 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. 

[0239] 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. 

[0240] 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. 

[0241] 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 
a(M) 

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. 

[0242] Here, in a case where the individual variance 
o(m> 

is an individual variance for each state #k of each factor #m, the individual variance 
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a(m> 

is, for example, a row vector of K columns which has a variance 
0(m)k 

of the state #k of the factor #m as a k-th column component. 
[0243] In addition, hereinafter, for simplicity of description, in a case where the individual 

variance 
a(M> 

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

a (nOif a and ci (m)K 

of the row vector of K columns which is the individual variance 
o(m> 

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 
a(M> 

which is separate for each factor #m is treated to be the same as the individual 
variance 
a(m> 

which is separate for each state #k of each factor #m. 
[0244] The variance 

rr (m) CT 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 
a(m> 

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

[0245] In a case where the individual variance 
aM 

is obtained in the individual variance learning portion 52, the evaluation portion 21 
obtains the observation probability P(YtISt) according to Math (16) instead of Math (4) 
by using the individual variance 
o(m). 

[0246] [Math. 16] 

p-cytlst)' -
^ J. 

... (16) 
[0247] Here, 

of Math (16) may be obtained according to Math (17). 
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[0248] [Math. 17] 

it= i <rw 
n=l 

... (17) 
[0249] 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. 

[0250] In the individual variance learning portion 52, the individual variance 
aw 

may be obtained as follows. 
[0251] That is to say, an expected value 

<CT> 

of the variance 
CT 

of the FHMM as the overall models 
+ 

for the measurement waveform Yt which is actually measured (observed) is the same 
as an expected value <IYt-YAtl2> of the square error IYt-YAtl2of a current waveform 
which is the measurement waveform Yt and a current waveform which is a generation 
waveform YAt generated (observed) in the FHMM as the overall models 

as indicated in Math (18). 
[0252] [Math. 18] 

<cr>-{|Yt-Y;|2} 
...(18) 

[0253] The expected value 
<a> 

of the variance 
CT 

is equivalent to a sum total 
a a) <s a) t>+a (2) <s (2) t>+...+a (M> <s (M, t> 

for the factor #m of an expected value 
Cj(m)<S(m) L> 

of the individual variance 
ow 

which is separate for each state #k of each factor #m. 
[0254] In addition, the expected value <IYt-YAtl2> of the square error IYt-YAtl2of the mea­
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surement waveform Yt and the generation waveform YAt is equivalent to the square 
error IYt-(W(1)<S(1)t>+W(2)<S(2)t>+...+W(M)<S(M)t>)l2 of the measurement waveform Yt 

and a sum total W(1)<S(1)t>+W(2)<S(2)t>+...+W(M)<S(M)t> of an expected value W(m)<S(m)t> 
of an individual waveform W(m) for the factor #m. 

[0255] Therefore, Math (18) is equivalent to Math (19). 
[0256] [Math. 19] 

2 

tffw(sf)= Yt-IWw(sf) 
III 
I 

m=1 1 ' m=1 

... (19) 
[0257] The individual variance 

0 (m) jy (in) new 

satisfying Math (19) may be obtained according to Math (20) using a restricted 
quadratic programming with a restriction where the individual variance 
a(m) 

is not negative. 
[0258] [Math.20] 

o-Wne* = argiiiin I 
t-i i: I ' ' a 1 ' ' 

subject: 0<o,(8>1 

... (20) 
[0259] The individual variance learning portion 52 an update value 

a(m)neu 

of the individual variance 
cy(m) 

according to Math (20), and updates the individual variance 
a(m) 

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

[0260] As described above, in the individual variance learning portion 52, in a case where 
the individual variance 
a(m) 

is obtained for each factor #m or for each state #k of each factor #m, representation 
performance where the FHMM as the overall models 
t 

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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curately. 
[0261] Particularly, for example, with respect to a variable load household electrical 

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 
CT(m) . 

[0262] 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 
CT(m) 

is used instead of the variance C. 
[0263] 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. 
[0264] In step S61, the evaluation portion 21 obtains the observation probability P(YtISt) as 

an evaluation value E in each combination St 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 
CT(m) 

of the FHMM as the overall models 
+ 

stored in the model storage unit 13, the unique waveform W(m), and the measurement 
waveforms Yt={Yi, Y2,..., and YT} from the data acquisition unit 11, so as to be 
supplied to the estimation portion 22, and the process proceeds to step S62. 

[0265] Hereinafter, in steps S62 to S66, the same processes as in steps S22 to S26 of Fig. 7 
are respectively performed. 

[0266] 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. 

[0267] 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 W(m)new of the unique waveform W(m), and updates the unique waveform 
W(m) stored in the model storage unit 13 to the update value W(m)new, and the process 
proceeds to step S72. 

[0268] In step S72, the individual variance learning portion 52 performs the variance 
learning according to Math (20) by using the measurement waveform Yt from the data 
acquisition unit 11, the posterior probability <S(m)t> from the estimation portion 22, and 
the unique waveform W(m) stored in the model storage unit 13, so as to obtain an 
update value 
jjWnew 
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of the individual variance 
CT™. 

[0269] In addition, the individual variance learning portion 52 updates the individual 
variance 
o(m> 

stored in the model storage unit 13 to the update value 
^ (m) nra 

of the individual variance 
a(m), 

and the process proceeds to step S73 from step S72. 
[0270] 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 P(m\j 
new of the transition probability P(m)ij and an update value 

(im) new 

of the initial state probability 
it'-', 

and updates the transition probability P(m\j and the initial state probability 

stored in the model storage unit 13 to the update value P(m,Lincw of the update value 
7t(m,ne\ 

and the process returns from the process of the M step. 
[0271] cThird Embodiment of Monitoring System to Which Present Technology is 

Applied> 
[0272] 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. 
[0273] 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. 

[0274] 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. 

[0275] 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. 

[0276] The approximate estimation portion 42 obtains the posterior probability (state 
probability) <S(m)t> under a state transition restriction where the number of factors of 
which a state transitions for one time point is restricted. 

[0277] Here, for example, the posterior probability <S(m)t> is obtained by marginalizing the 
posterior probability 
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according to Math (9). 
[0278] The posterior probability 

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

and the backward probability 
Pt,zi 

according to Math (8). 
[0279] 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. 

[0280] Therefore, in a case where the FHMM has a number of factors, if the forward 
probability 

zr 

the backward probability 
pt,z w 

and the posterior probability 
Yt.* 

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. 

[0281] 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. 

[0282] 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. 

[0283] 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. 

[0284] 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. 

[0285] According to the state transition restriction, the number of combinations z of states 
which require strict calculation of the posterior probability 
Tt,z» 
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and, further the forward probability 
Ot,z 

and the backward probability 
Pt,z 

used to obtain the posterior probability <S(m\> 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(m)t> or the like. 

[0286] In the approximate estimation portion 42, as methods of obtaining the posterior 
probability <S(m)t> 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. 

[0287] Here, the particle filter is disclosed in, for example, page 364 of the above-described 
document B. 

[0288] 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. 

[0289] In a case of applying the particle filter to the combination z of states of the FHMM, a 
p-th particle Sp of the particle filter represents a certain combination of states of the 
FHMM. 

[0290] Here, the particle Sp is a combination of a state S(1)p of the factor #1, a state S(2)p of the 
factor #2,..., and a state S(M)P of the factor #M, represented by the particle Sp, and is 
expressed by the Math particle Sp = {S(1)p, S(2)p,..., and S(M)P}. 

[0291] 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(YtISt) of Math (4) that the mea­
surement waveform Yt is observed in a combination St of states, observation 
probability P(YtISp) that the measurement waveform Yt is observed in the particle Sp (a 
combination of states represented thereby) is used. 

[0292] The observation probability P(YtISp) may be calculated, for example, according to 
Math (21). 

[0293] [Math.21] 

P(MV = exp-i C-' 
\ " J. 

... (21) 
[0294] The observation probability P(YtISt) of Math (21) is different from the observation 

probability P(YtISp) of Math (4) in that an average value (average vector) is 
not fit but jip. 
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[0295] In the same manner as the average value 
Mt, 

the average value 
MP 

is, for example, a column vector of D rows which is the same as the current 
waveform Yt, and is expressed by the Math (22) using the unique waveform W(m). 

[0296] [Math.22] 

up= 
m=1 

... (22) 
[0297] Here, S*(m)p indicates a state of the factor #m of states forming a combination of the 

states which is the particle Sp, and, is hereinafter also referred to as a state S*(m)p of the 
factor #m of the particle Sp. The state S*(m)p of the factor #m of the particle Sp 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. 

[0298] [Math.23] 

'(T 

o*(m) _ 1 

10J 
... (23) 

[0299] In a case where a state of the factor #m forming a combination of states as the 
particle Sp is the state #k, in a column vector S*(m)p of K rows which is the state S*(m)p of 
the factor #m of the particle Sp, only the k-th row component is 1, and the other 
components are 0. 

[0300] According to Math (22), a sum total of the unique waveform W(m)k of the state #k of 
each factor #m forming a combination of states as the particle Sp is obtained as the 
average value 
MP 

of the current waveform Yt at the time point t. 
[0301] Fig. 16 is a diagram illustrating a method of obtaining the forward probability 

a>-,P 

(ALPHA[ p) by applying the particle filter to the combination z of states of the 
FHMM. 

[0302] 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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[0303] The evaluation portion 21 obtains the observation probability P(YtISp) of Math (21) 
in a combination of states as each particle Sp={Si, S2,..., and SR} 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(m), and the measurement 
waveforms Yt={Yi, Y2,..., and YT} from the data acquisition unit 11, so as to be 
supplied to the approximate estimation portion 42. 

[0304] The approximate estimation portion 42 obtains the forward probability 

that the measurement waveforms Y1; Y2,..., and Yt are measured and which is in a 
combination as the particle Sp at the time point t by using the observation probability 
P(YtISp) from the evaluation portion 21, and the transition probability P(m)ij (and the 
initial state probability 
K™) 

of the FHMM as the overall models 
t 

stored in the model storage unit 13. 
[0305] The forward probability 

Ot.P 

may be obtained according to, for example, the recurrence formula 
Ot.p = Eat- i,rP(Sp|r)P(Yt|Sp) 

using the forward probability 
«L l.JT 

before one time point. 
[0306] In the recurrence formula 

Ot#p = 5kxt_1,rP(Sp|r)P{Yt|Sp), 

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 Sp 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. 

[0307] Therefore, a combination of states where a combination of states equal to a com­
bination of states as the particle Sp is different from the combination of states as the 
particle Sp only by one state can become the combination r of states. 

[0308] In the recurrence formula 
Ot#p = Ettt_lirP (Sp | r) P (Yt | Sp) , £ 

indicates summation taken for all the combinations r of states. 
[0309] In addition, in the recurrence formula 

Ot.p = Eat i,rP(Sp|r)P(Yt|Sp), P (Sp| r) 
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indicates the transition probability that a factor is in the combination r of states as the 
particle Sp at the time point t-1 and transitions to a combination of states as the particle 
Sp at the time point t, and may be obtained according to Math (3) by using the 
transition probability of the FHMM as the overall models 
+-

[0310] In addition, as an initial value of the forward probability 

for example, the forward probability 
aijZ 

at the time point t=l, a product of the initial state probability 

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

[0311] The approximate estimation portion 42 obtains the forward probability 
OL,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 Sp. 

[0312] If the number of the particle Sp which exists at the time point t is R, R forward proba­
bilities 
O.L.P 

are obtained. 
[0313] If the forward probability 

Ot.p 

is obtained with respect to R particles Sp = {Si, S2,..., and SR} at the time point t, the 
approximate estimation portion 42 samples particles from the R particles Sp = {Si, S2 

,..., and SR} on the basis of the forward probability 
Otfp -

[0314] In other words, the approximate estimation portion 42 samples predetermined P 
particles Sp = {Si, S2,..., and SP} in descending order of the forward probability 
Ot,p 

from the R particles Sp = {Si, S2,..., and SR}, and leaves only the P particles Sp as 
particles at the time point t. 

[0315] In addition, 
if P>R, 

all of the R particles Sp are sampled. 
[0316] In addition, the number P of the particles Sp 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. 



43 

WO 2013/145779 PCT/JP2013/002182 

[0317] If P particles Sp = {Si, S2,..., 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 Sp = {Si, S2,..., 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 Sq at the time 
point t+1, a combination of states where a combination of states equal to a combination 
of states as the particle Sp is different from the combination of states as the particle Sp 

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 Sp at the time point t, a total of five combinations with 
a combination of states equal to a combination of states as the particle Sp at the time 
point t and four combinations which are different from the combination of states as the 
particle Sp at the time point t only by one state, are predicted as particles Sq at the time 
point t+1. 

[0320] The approximate estimation portion 42 predicts the particles Sq={Si, S2,..., SQ} at the 
time point t+1, then obtains the forward probability 
<*t+lrq 

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

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

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 
Ot,z. 

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

(BETAtp) by applying a particle filter to the combination z of states of the FHMM. 
[0323] The approximate estimation portion 42 obtains the backward probability 

Pt,p 

which is in a combination a of states as the particle Sp at the time point t, and, 
thereafter, that the measurement waveforms Yt, Yt+i,..., and YT are observed, by using 
the observation probability P(YtISt) from the evaluation portion 21, and the transition 
probability P(m\j of the FHMM as the overall models 
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+ 
stored in the model storage unit 13. 

[0324] The backward probability 
Pt.p 

may be obtained according to the recurrence formula 
Pt,p = EP (Yt | Sp) P (r | Sp) pt+irr 

using the forward probability 
Pt+l,r 

after one time point. 
[0325] In the recurrence formula 

pt,p = XP(Yt|Sp)P{r|Sp)pt+1,r, 

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 Sp 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. 

[0326] Therefore, a combination of states where a combination of states equal to a com­
bination of states as the particle Sp is different from the combination of states as the 
particle Sp only by one state can become the combination r of states. 

[0327] In the recurrence formula 
Pt,p = EP{Yt|Sp)P(r|Sp)pt+i.„ Z 

indicates summation taken for all the combinations r of states. 
[0328] In the recurrence formula 

ptrP = £P{Yt|Sp)P{r|Sp)pt+1,„ 

P(rlSp) indicates the transition probability that a factor is in the combination r of 
states as the particle Sp at the time point t and transitions to a combination of states as 
the particle Sp at the time point t+1, and may be obtained according to Math (3) by 
using the transition probability P(m\j of the FHMM as the overall models 
+-

[0329] In addition, an initial value 
PT,P 

of the backward probability 
Pt,p 

employs 1. 
[0330] In the same manner as the forward probability 

®t,Pf 

the approximate estimation portion 42 obtains the backward probability 
Pt.p 

with respect to not all the combinations of states which can be taken by the FHMM 
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but only a combination of states as the particle Sp. 
[0331] If the number of the particle Sp which exists at the time point t is R, R backward 

probabilities 
Pt.p 

are obtained. 
[0332] If the backward probability 

is obtained with respect to R particles Sp = {Si, S2,..., and SR} at the time point t, the 
approximate estimation portion 42 samples particles from the R particles Sp = {Si, S2 

,..., and SR} on the basis of the backward probability 
Pt,p-

[0333] In other words, in the same manner as a case of the forward probability 
^t,Pf 

the approximate estimation portion 42 samples predetermined P particles Sp = {Si, S2 

,..., and SP} in descending order of the backward probability 
Pt,p 

from the R particles Sp = {Si, S2,..., and SR}, and leaves only the P particles Sp as 
particles at the time point t. 

[0334] If P particles Sp = {Si, S2,..., 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 Sp = {Si, S2,..., and SP} under the state transition restriction. 

[0335] 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 Sq at the time 
point t-1, a combination of states where a combination of states equal to a combination 
of states as the particle Sp is different from the combination of states as the particle Sp 

at the time point t only by one state is predicted. 
[0336] 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 Sp at the time point t, a total of five combinations with 
a combination of states equal to a combination of states as the particle Sp at the time 
point t and four combinations which are different from the combination of states as the 
particle Sp at the time point t only by one state, are predicted as particles Sq at the time 
point t-1. 

[0337] The approximate estimation portion 42 predicts the particles Sq={Si, S2,..., and SQ} at 
the time point t-1, then obtains the backward probability 
Pt'l.q 

in the same manner as the particles Sp 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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[0338] As described above, the approximate estimation portion 42 obtains the backward 
probability 
Pt,Z 

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 
Pt,z-

[0339] Fig. 18 is a diagram illustrating a method of obtaining the posterior probability 
Yt,p 

(GAMMAt p) by applying a particle filter to the combination z of states of the 
FHMM. 

[0340] In a case where a combination of states as the particle (hereinafter, also referred to as 
a forward particle) Sp of which the forward probability 
Ot.P 

has been obtained at each time point t and a combination of states as the particle 
(hereinafter, referred to as a backward particle) SP' of which the backward probability 
Pt.p-

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

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 
Ot.z 

and the backward probability 
pt ,z 

in relation to the combination z of states. 
[0341] [Math.24] 

fft.z0t.z rt ; 2 £ a t,w£t,w 

... (24) 
[0342] Here, 

£ 

of the denominator of the right side of Math (24) indicates summation taken by 
changing w to all the combinations 
SpTlSp. 
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of states which are commonly left in both the forward particle Sp and the backward 
particle Sp> at the time point t. 

[0343] In addition, both the forward probability 
Ot,z 

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

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

[0344] Therefore, the posterior probability 
Tt,z 

of combinations of states other than the combinations 
SpmSp. 

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

[0345] The monitoring system of Fig. 15 performs the same process as the monitoring 
system of Fig. 3 except that the posterior probability <S(m)t> or the like is obtained 
under the state transition restriction by applying a particle filter to the combination z of 
states of the FHMM. 

[0346] 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. 

[0347] In addition, Fig. 20 is a flowchart subsequent to Fig. 19. 
[0348] 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. 

[0349] 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 Sp. In addition, in step S82, all of the 
combinations of states which can be taken by the FHMM may be selected as the 
particles Sp. 

[0350] The approximate estimation portion 42 obtains an initial value 
<*L,p 

of the forward probability 
«t,P 

with respect to the combinations of states as the particles Sp, and the process 
proceeds from step S82 to step S83. 

[0351] 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 Yt ={Yi, Y2,..., and YT}. 
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[0352] 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 Yt 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 Sp under the state transition restriction which 
is a predetermined condition, and the process proceeds to step S85. 

[0353] In step S85, the approximate estimation portion 42 increments the time point t by 1, 
and the process proceeds to step S86. 

[0354] In step S86, the evaluation portion 21 obtains the observation probability P(YtISp) of 
Math (21) with respect to the combinations of states as the particles Sp = {Si, S2,..., and 
SR} 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(m), and the measurement 
waveform Yt={Yi, Y2,..., and YT} from the data acquisition unit 11. The evaluation 
portion 21 supplies the observation probability P(YtISp) to the approximate estimation 
portion 42, and the process proceeds from step S86 to step S87. 

[0355] In step S87, the approximate estimation portion 42 measures the measurement 
waveforms Yi, Y2,..., and Yt by using the observation probability P(YtISp) from the 
evaluation portion 21, and the transition probability P(m\j (and the initial state 
probability 

of the FHMM as the overall models 

stored in the model storage unit 13, and obtains the forward probability 
«L,p 

in a combination as the particle Sp at the time point t, and, the process proceeds to 
step S88. 

[0356] In step S88, the approximate estimation portion 42 samples a predetermined number 
of particles in descending order of the forward probability 
CtL.p 

from the particles Sp so as to be left as particles at the time point t on the basis of the 
forward probability 
®t#p -

[0357] Thereafter, the process returns to step S83 from step S88, and, hereinafter, the same 
processes are repeatedly performed. 

[0358] 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 Yt in step S83, the process proceeds to step 
S91 of Fig. 20. 
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[0359] 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. 

[0360] 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 Sp. In addition, in step S92, all of the 
combinations of states which can be taken by the FHMM may be selected as the 
particles Sp. 

[0361] The approximate estimation portion 42 obtains an initial value 
**T#P 

of the backward probability 
Pt.p 

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

[0362] 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 Yt ={Yi, Y2,..., and YT}. 

[0363] 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 Yt 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 Sp under the state transition re­
striction which is a predetermined condition, and the process proceeds to step S95. 

[0364] In step S95, the approximate estimation portion 42 decreases the time point t by 1, 
and the process proceeds to step S96. 

[0365] In step S96, the evaluation portion 21 obtains the observation probability P(YtISp) of 
Math (21) with respect to the combinations of states as the particles Sp = {Si, S2,..., and 
SR} 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(m), and the measurement 
waveform Yt={Yi, Y2,..., and YT} from the data acquisition unit 11. The evaluation 
portion 21 supplies the observation probability P(YtISp) to the approximate estimation 
portion 42, and the process proceeds from step S96 to step S97. 

[0366] In step S97, the approximate estimation portion 42 obtains the backward probability 
Pt.p 

which is in the combinations of states as the particles Sp at the time point t, and, 
thereafter, that the measurement waveforms Yt, Yt+i,..., and YT are measured by using 
the observation probability P(YtISp) from the evaluation portion 21, and the transition 
probability P(m\j (and the initial state probability 
*«) 
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of the FHMM as the overall models 
+ 
stored in the model storage unit 13, and, the process proceeds to step S98. 

[0367] In step S98, the approximate estimation portion 42 samples a predetermined number 
of particles in descending order of the backward probability 
Pt,p 

from the particles Sp so as to be left as particles at the time point t on the basis of the 
backward probability 
Pt,p-

[0368] Thereafter, the process returns to step S93 from step S98, and, hereinafter, the same 
processes are repeatedly performed. 

[0369] 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 Yt in step S93, the process proceeds to step 
S99. 

[0370] In step S99, the approximate estimation portion 42 obtains the posterior probability 
Tt,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 
Ot.z (=Ot,p) 

and the backward probability 
pt,z (= Pt,p) 

and the process proceeds to step S100. 
[0371] Hereinafter, in steps SI00 and S101, the same processes are in steps S25 and S26 of 

Fig. 7 are performed, and thus the posterior probabilities <S(m)t>, <S(m)tS(nY> and <S(m)t_i 
S(m\> are obtained. 

[0372] 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(m)t> 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(m)t> and the like. 

[0373] <Fourth Embodiment of Monitoring System to Which Present Technology is 
Applied> 

[0374] 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. 

[0375] 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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[0376] 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. 

[0377] 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. 

[0378] The separation learning portion 31 of Fig. 3 obtains the unique waveform W(m) 

without particular restriction, but, the restricted waveform separation learning portion 
51 obtains the unique waveform W(m) under a predetermined restriction distinctive to a 
household electrical appliance (household electrical appliance separation). 

[0379] Here, in the separation learning portion 31 of Fig. 3, a particular restriction is not 
imposed on calculation of the unique waveform W(m) in the M step. 

[0380] For this reason, in the separation learning portion 31 of Fig. 3, the unique waveform 
W(m) is calculated through the waveform separation learning only in consideration of 
the measurement waveform Yt being a waveform obtained by superimposing a 
plurality of current waveforms. 

[0381] In other words, in the waveform separation learning of the separation learning 
portion 31 of Fig. 3, the measurement waveform Yt is regarded as a waveform where a 
plurality of current waveforms are superimposed, and the unique waveform W(m) as the 
plurality of current waveforms is separated. 

[0382] In a case where there is no restriction in calculation of the unique waveform W(m), 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 Yt is very high, and thus the unique waveform W(m) 

as a current waveform which is inappropriate as a current waveform of a household 
electrical appliance may be obtained. 

[0383] 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(m) 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(m) as an accurate 
current waveform of a household electrical appliance. 

[0384] Here, the waveform separation learning performed under a predetermined restriction 
is also referred to as restricted waveform separation learning. 

[0385] 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. 

[0386] 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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[0387] The load restriction is a restriction where power consumption U(m) of a household 
electrical appliance which is obtained by multiplication of the unique waveform W(m) 

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 Vt corresponding to the measurement waveform Yt which is a current 
waveform does not have a negative value (the household electrical appliance #m does 
not generate power). 

[0388] The base waveform restriction is a restriction where the unique waveform W(m) 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. 

[0389] 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. 

[0390] In step S121, the restricted waveform separation learning portion 51 performs the 
waveform separation learning under the load restriction by using the measurement 
waveform Yt from the data acquisition unit 11, and the posterior probabilities <S(m)t> 
and <S(m)tS(n)t'> from the estimation portion 22, so as to obtain an update value W(m)new 

of the unique waveform W(m), and updates the unique waveform W(m) stored in the 
model storage unit 13 to the update value W(m)new, and the process proceeds to step 
S122. 

[0391] 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(m)new of 
the unique waveform W(m). 

[0392] [Math.25] 

Wnew = argmin j Z |Yt<s;>-W<Sts;>|2} 
N Lt=i J 

subject to 0<V'W 
... (25) 

[0393] 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 
W(m,ncw of the unique waveform W(m). 

[0394] V is a column vector of D rows indicating the voltage waveform Vt corresponding to 
a current waveform as the measurement waveform Yt, and V' is a row vector obtained 
by transposing the column vector V. 

[0395] In addition, the update value Wnew of the unique waveform of Math (25), and the 
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posterior probabilities <St'> and <StSt'> are the same as those described in Math (12). 
[0396] In other words, the update value Wnew of the unique waveform is a matrix of D rows 

and 
KXM 

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

[0397] The posterior probability <St'> is a row vector of columns, 
KXM 

and a ((m-l)K+k)-th column component thereof is a state probability that the factor 
#m is in the state #k at the time point t. 

[0398] The posterior probability <StSt'> is a matrix of 
KxM 

rows and 
KxM 

columns, and a ((m-l)K+k)-th row and ((n-l)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. 

[0399] 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 Wnew 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 Wnew of the unique waveform by using a quadratic pro­
gramming. 

[0400] In steps S122 and S123, the same processes as in steps S32 and S33 of Fig. 9 are 
performed. 

[0401] Fig. 23 is a diagram illustrating the load restriction. 
[0402] In other words, A of Fig. 23 shows a unique waveform W(m) as a current waveform 

obtained through the waveform separation learning without restriction, and B of Fig. 
23 shows a unique waveform W(m) as a current waveform obtained through the 
waveform separation learning under the load restriction. 

[0403] In addition, in Fig. 23, the number M of factors is two, and a unique waveform W(1)k 

of the state #k in which the factor #1 is and a unique waveform W(2)k of the state #k' in 
which the factor #2 is are shown. 

[0404] In A of Fig. 23 and B of Fig. 23, the current waveforms which are the unique 
waveform W(1)k of the factor #1 are all in phase with the voltage waveform Vt. 

[0405] However, in A of Fig. 23, since the load restriction is not imposed, the current 
waveform which is the unique waveform W(2)k of the factor #2 is in reverse phase to 
the voltage waveform Vt. 
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[0406] 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(2V of the factor #2 is in phase with 
the voltage waveform Vt. 

[0407] The measurement waveform Yt can be separated into the unique waveform W(1)k of 
the factor #1 and the unique waveform W(2V of the factor #2, shown in A of Fig. 23, 
and can be separated into the unique waveform W(1)k of the factor #1 and the unique 
waveform W(2)k of the factor #2, shown in B of Fig. 23. 

[0408] However, in a case where the measurement waveform Yt is separated into the unique 
waveform W(1)k of the factor #1 and the unique waveform W(2)k 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(2)k is reverse phase to the voltage waveform Vt 

generates power, and thus there is concern in which it is difficult to perform ap­
propriate household electrical appliance separation. 

[0409] On the other hand, when the load restriction is imposed, the measurement waveform 
Yt is separated into the unique waveform W(1)k of the factor #1 and the unique 
waveform W(2)k of the factor #2, shown in B of Fig. 23. 

[0410] The unique waveform W(1)k and the unique waveform W(2)k of B of Fig. 23 are all in 
phase with the voltage waveform Vt, 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. 

[0411] Fig. 24 is a diagram illustrating the base waveform restriction. 
[0412] In Fig. 24, Y is a matrix of D rows and T columns where the measurement waveform 

Yt 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 Yt at the time point t. 

[0413] In Fig. 24, W is a matrix of D rows and 
KXM 

columns in which the unique waveform W(m) 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-l)K+k columns of the unique waveform W which is a matrix of D 
rows and 
KxM 

columns is a unique waveform W(m)k of the state #k of the factor #m. 
[0414] In Fig. 24, F indicates 

KxM. 

[0415] In Fig. 24, <St> 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(m)t> 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-l)K+k)-th row and t-th column 
component of the posterior probability <St> 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. 

[0416] In the waveform separation learning, in the FHMM, as shown in Fig. 24, a product 
wx<st> 

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

[0417] As described above, since the base waveform restriction is a restriction where the 
unique waveform W(m) 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. 

[0418] Here, when an n-th base waveform B is indicated by Bn among a predetermined 
number N of the base waveforms B, Bn 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 Bn which is a column 
vector of D rows is arranged in order of the index n from the left to the right. 

[0419] The coefficient A is a matrix of N rows and 
KxM 

columns, and, an n-th row and ((m-l)K+k)-th column component is a coefficient 
which is multiplied by the n-th base waveform Bn in representing the unique waveform 
W(m)k as a combination (superimposition) of N base waveforms Bh B2,..., and BN. 

[0420] Here, when the unique waveform W(m)k is represented by a combination of N base 
waveforms Bi to BN, for example, if a column vector of N rows which is a coefficient 
multiplied by the N base waveforms Bi to BN is indicated by a coefficient A(m)k, and a 
matrix of N rows and K columns in which the coefficient A(m)k, 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(m), a coefficient A is a matrix in which the coefficient A(m) is arranged in order of the 
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factor #m from the left to the right. 
[0421] 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. 

[0422] 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). 

[0423] 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. 

[0424] 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. 

[0425] 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 Yt from the data acquisition unit 11, and the posterior probabilities 
<S(m)t> and <S(m)tS(nY> from the estimation portion 22, so as to obtain an update value 
W(m,ncw of the unique waveform W(m), and updates the unique waveform W(m) stored in 
the model storage unit 13 to the update value W(m)new, and the process proceeds to step 
S132. 

[0426] 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 Anew for 
representing the unique waveform W by a combination of the base waveforms B. 

[0427] [Math.26] 

Anew = argmin 11 |Yt<s;>-BA<St$;>|2j 

subject to min A 
... (26) 

[0428] 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. 

[0429] 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. 
[0430] The matrix of N rows and 

KxM 

columns which is the coefficient A becomes as sparse as possible, and thereby the 
unique waveform W(m)k is indicated by a combination of the base waveforms Bn of 
which the number is as small as possible. 

[0431] If the coefficient Anew is obtained according to Math (26), the restricted separation 
learning portion 51 obtains the update value W(m)new of the unique waveform W(m) 

according to Math (27) by using the coefficient Anew and the base waveform B. 
[0432] [Math.27] 

yifnBW - BAnBVf 

... (27) 
[0433] In steps S132 and S133, the same processes as in steps S32 and S33 of Fig. 9 are 

performed. 
[0434] 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. 

[0435] 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. 

[0436] 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 Anew for representing the unique waveform W by a combination of the base 
waveforms B and coefficient Anew for making power consumption of a household 
electrical appliance obtained using the unique waveform W not a negative value. 

[0437] [Math.28] 

Anew = argmi n i I |Yt<s;>-BA<Sts;>|2 

A lt=i 

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

[0438] In addition, the restricted waveform separation learning portion 51 obtains the update 
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value W(m)new of the unique waveform W(m) by using the coefficient Anew obtained 
according to Math (28) and the base waveform B obtained according to Math (29). 

[0439] [Math.29] 

Wnew = BAnew 

... (29) 
[0440] <Fifth Embodiment of Monitoring System to Which Present Technology is Applied> 
[0441] 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. 
[0442] 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. 

[0443] 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. 

[0444] 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. 

[0445] 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. 

[0446] 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. 

[0447] Therefore, the monitoring system of Fig. 26 performs individual variance learning 
for obtaining an individual variance 
a<m> 

for each factor #m or for each state #k of each factor #m. 
[0448] In addition, the monitoring system of Fig. 26 performs approximate estimation for 

obtaining the posterior probability (state probability) <S(m)t> under the state transition 
restriction where the number of factors of which a state transitions for one time point is 
restricted. 

[0449] In addition, the monitoring system of Fig. 26 obtains the unique waveform W(m) 

through the restricted waveform separation learning. 
[0450] 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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[0451] <Application of Monitoring System to Cases Other Than Household Electrical 
Appliance Separation> 

[0452] 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. 

[0453] Fig. 27 is a diagram illustrating an outline of talker separation by the monitoring 
system which performs learning of the FHMM. 

[0454] According to the monitoring system which performs learning of the FHMM, instead 
of a current waveform used as the measurement waveform Yt 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. 

[0455] 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. 

[0456] A case of using the individual variance 
a<m> 

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. 

[0457] 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. 

[0458] 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(m)t> 
may be performed. In addition, according to the approximate estimation for obtaining 
the posterior probability <S(m)t> under the state transition restriction, the number of 
combinations z of states in which the posterior probability 
Tt,i 

used to obtain the posterior probability <S(m)t> is required to be strictly calculated is 
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considerably reduced, and thus a calculation amount can be notably reduced. 
[0459] In addition, in the talker separation, the individual waveform W(m) 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(m) 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(m) which is appropriate as a 
waveform of a person' voice can be obtained. 

[0460] 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. 

[0461] <Sixth Embodiment of Monitoring System to Which Present Technology is 
Applied> 

[0462] 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. 

[0463] 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. 

[0464] 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. 

[0465] 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. 

[0466] 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. 

[0467] The monitoring system of Fig. 3 performs the household electrical appliance 
separation by using the FHMM as the overall models 

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(m) as a model parameter, as the overall 
models 
+ 

instead of the FHMM. 
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[0468] 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(m) 

corresponds to a household electrical appliance model #m. 
[0469] 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 
Yt from the data acquisition unit 11, and the waveform model stored in the model 
storage unit 13. 

[0470] 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 
t 

stored in the model storage unit 13. 
[0471] The estimation portion 72 estimates an operating state C(m,Lk 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. 

[0472] Here, the estimation portion 72 solve an integer programming program of Math (30) 
according to the integer programming and estimates the operating state C(m,Lk of the 
household electrical appliance #m. 

[0473] [Math. 30] 
Kw 

minimizeE = Yt- I 
m=1 k=1 

subject to 0<C?l,e . L| integer 

... (30) 
[0474] Here, in Math (30), E indicates an error of the measurement waveform Yt and a 

current waveform 
EEW(m)kC(m,tik 

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

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

[0475] In addition, in Math (30), the unique waveform W(m)k indicates a unique waveform 
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which is a current waveform unique to the operating state C(m,Lk of the factor #m, and is 
a column vector of D rows in the same manner as the measurement waveform Yt. 

[0476] In addition, in Math (30), K(m) indicates the number (the number of kinds) of 
operating state C(m,Lk of the household electrical appliance #m. 

[0477] The operating state C(m\.k 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 C(m,Lk 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. 

[0478] Math (31) indicates that a mode where the household electrical appliance #m is an 
ON state is restricted to one or less. 

[0479] [Math.31] 

C?t<)2+---+CtWK(m)<1 
... (31) 

[0480] According to Math (31), a value which the operating state C(m\.k which is an integer 
of 0 or more can take is 0 or 1. 

[0481] 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. 

[0482] As above, in a case of the estimation portion 72 estimates the operating state C(m,Lk 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 Yt supplied from 
the data acquisition unit 11 and the unique waveform W(m)k 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. 

[0483] 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(m)k 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(m)k as an accurate current 
waveform of a household electrical appliance. 
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[0484] 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 Yt from the data acquisition unit 11, and the operating state C 
(m\,k of the household electrical appliance #m from the estimation portion 72, so as to 
obtain an update value W(m)newk of the unique waveform W(m)k, and updates the unique 
waveform W(m)k stored in the model storage unit 13 to the update value W(m)newk. 

[0485] 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 W(m)newk of the unique waveform W(m)k. 

[0486] [Math. 32] 

Wnew = argminj £ |Yt-W-Ct|2} 
ii lt=i J 

subject to 0<V'W 

... (32) 

[0487] 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 
W(m)newk of the unique waveform W(m)k. 

[0488] In Math (32), V is a column vector of D rows indicating the voltage waveform Vt 

corresponding to a current waveform as the measurement waveform Yt, and V' is a row 
vector obtained by transposing the column vector V. 

[0489] In addition, if a mode of the household electrical appliance #m of which the 
operating state C(m,Lk indicates ON and OFF is a mode #k, in Math (32), W is a column 
vector of (m-l)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(l), K(2),..., and K(M). 

[0490] The update value Wnew of the unique waveform is a matrix of D rows and 
KxM 

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

[0491] Further, in Math (32), Ct is a column vector of 
KxM 

rows in which a component of the (m-l)K+k row is in the operating state C(m,Lk. 
[0492] 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. 

[0493] Fig. 29 is a flowchart illustrating a process of learning (learning process) of a 
waveform model performed by the monitoring system of Fig. 28. 

[0494] In step S151, the model learning unit 14 initializes the unique waveform W(m)k as the 
model parameter 
+ 

of the overall models stored in the model storage unit 13, and the process proceeds to 
step SI52. 

[0495] Here, the respective components of a column vector of D rows which is the unique 
waveform W(m)k are initialized using, for example, random numbers. 

[0496] In step SI52, the data acquisition unit 11 acquires current waveforms corresponding 
to a predetermined time T and supplies current waveforms at the respective time points 
t=l, 2,..., and T to the state estimation unit 12 and the model learning unit 14 as mea­
surement waveforms Yi, Y2,..., and YT, and the process proceeds to step S153. 

[0497] Here, the data acquisition unit 11 also acquires voltage waveforms along with the 
current waveforms at the time points t=l, 2,..., and T. The data acquisition unit 11 
supplies the voltage waveforms at the time points t=l, 2,..., and T to the data output 
unit 16. 

[0498] 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). 

[0499] 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 C(m,Lk of 
each household electrical appliance #m by using the measurement waveforms Yi to YT 

from the data acquisition unit 11, and the unique waveform W(m)k of the waveform 
model stored in the model storage unit 13. 

[0500] 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. 

[0501] In step S154, the estimation portion 72 estimates the operating state C(m,Lk 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. 

[0502] 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 Yt supplied 
from the data acquisition unit 11 and the operating state C(m,Lk of the household 
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electrical appliance #m supplied from the estimation portion 72, thereby obtaining an 
update value W(m)newk of the unique waveform W(m)k. 

[0503] 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(m)newk of the unique waveform W(m)k. 

[0504] In addition, the restricted waveform separation learning portion 81 updates the 
unique waveform W(m)k stored in the model storage unit 13 to the update value W(m)newk 

of the unique waveform W(m)k, and the process proceeds from step S155 to step S156. 
[0505] In step S156, the model learning unit 14 determines whether or not a convergence 

condition of the model parameter 
+ 

is satisfied. 
[0506] Here, as the convergence condition of the model parameter 

for example, a condition in which the estimation of the operating state C(m)t,k in step 
SI54 and the update of unique waveform W(m)k 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. 
[0507] 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 SI53 to SI56 are repeatedly performed. 

[0508] The processes in steps S153 to S156 are repeatedly performed, thus the estimation of 
the operating state C(m\.k in step SI54 and the update of unique waveform W(m)k 

through the restricted waveform separation learning in step S155 are alternately 
repeated, and thereby accuracy of an operating state C(m\.k obtained in step SI54 and 
(an update value of) a unique waveform W(m)k obtained in step S155 is increased. 

[0509] Thereafter, if it is determined that the convergence condition of the model parameter 

is satisfied in step S156, the learning process finishes. 
[0510] 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. 

[0511] <Description of Computer to Which Present Technology Is Applied> 
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[0512] 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. 

[0513] 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. 

[0514] The program may be recorded on a hard disk 105 or a ROM 103 which is a recording 
medium embedded in the computer. 

[0515] 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. 

[0516] 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. 

[0517] 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. 

[0518] 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. 

[0519] 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. 

[0520] 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. 

[0521] 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. 
[0522] 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. 

[0523] 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. 

[0524] 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. 

[0525] 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. 

[0526] 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. 

[0527] 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. 

[0528] In addition, the present technology may have the following configurations. 
[0529] (Al) 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 (Al), 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 (Al), further comprising obtaining one or more pa­
rameters of the FHMM from a model storage unit. 

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

(A5) The method of any of (Al), wherein the electrical signal is a current signal or a 
power signal. 
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(A6) The method of any of (Al), 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 (Al), 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 (Al), 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 (Al), 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. 
(All) 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 (Al), 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 (Al), wherein outputting the estimate of the electrical 
signal comprises displaying the estimate of the electrical signal. 
(A 14) The method of any of (Al), wherein outputting the estimate of the electrical 
signal comprises transmitting the estimate of the electrical system to a remote 
computer. 
(A15) The method of (Al), wherein the estimate of the electrical signal is an estimate 
of a voltage signal. 
(A 16) The method of any of (Al), wherein the method is performed by a smart meter. 
(BI) 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 (BI), 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 (BI), further comprising a model storage unit 
for storing one or more parameters of the FHMM. 
(B4) The monitoring apparatus of any of (BI), wherein the data comprises a time 
series of current values and/or a time series of voltage values. 
(B5) The monitoring apparatus of any of (BI), 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 (BI), 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 (BI), 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 (BI), 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 (BI), wherein processing the data comprises 
imposing a restriction on the estimate of the electrical signal of the first electrical 
device. 
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(BIO) 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. 
(Bll) 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 (BI), 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 (BI), wherein outputting the estimate of the 
electrical signal comprises displaying the estimate of the electrical signal. 
(B14) The monitoring apparatus of any of (BI), 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 (BI), wherein the estimate of the electrical signal is 
an estimate of a voltage signal. 
(B16) The monitoring apparatus of any of (BI), wherein the monitoring apparatus is a 
smart meter. 
(CI) 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 (CI), 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. 
(Dl) A data processing apparatus, comprising: 
a data acquisition unit configured to obtain data representing a mixed signal of two or 
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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 (Dl), 
wherein the stochastic dynamics model is FHMM(Factorial Hidden Markov Model). 
(D3) A data processing apparatus of (Dl), 
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 (Dl), 
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 (Dl), 
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 (Dl), 
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 (Dl), 
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). 
(El) 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 (El), 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. 
(E5) 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 
•t, z 
that the sum total data YI, 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 

•t, 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 
YI, Y2,..., and YT of the sum total data, by using the observation probability and the 
transition probability; a posterior probability 
•t, z 
which is in the combination z of states of the respective factors at the time point t by 
using the forward probability 
•t, z 
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and the backward probability 
•t.z; 
and the state probability by marginalizing the posterior probability 
•t, 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 
•t, 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 
•t.z; 
and predicts a particle before one time point under the state transition restriction, and 
obtains the backward probability 
•t, 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 
•t, z. 
(E6) The data processing apparatus set forth in any one of (E2) to (E5), 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 

[0530] 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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[Claim 1] 

[Claim 2] 

[Claim 3] 

[Claim 4] 

[Claim 5] 

[Claim 6] 

[Claim 7] 

[Claim 8] 

[Claim 9] 

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). 


