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(57) ABSTRACT

A power consumption disaggregation system according to
an embodiment of the present invention comprises: a DB for
receiving power data from a smart meter installed in a house,
receiving data according to external factors affecting the
power data from an external server, and storing the data in
time series; an extraction unit for extracting a characteristic
variable of a reference resolution time interval from the
power data and the data according to external factors stored
in time series; and an analysis unit for disaggregating total
power consumption in the house by inferring a hidden power
consumption state by inputting the characteristic variable
into a power consumption disaggregation model based on a
Hidden Markov Model (HMM) considering dependency of
external factors.
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SYSTEM FOR DISAGGREGATING POWER
CONSUMPTION

CROSS-REFERENCE TO RELATED
APPLICATION

[0001] This application claims priority to Korean Patent
Application No. 10-2022-0033897, filed Mar. 18, 2022,
which is incorporated by reference herein in its entirety.

BACKGROUND OF THE INVENTION

Field of the Invention

[0002] The present invention relates to a power consump-
tion disaggregation system based on non-intrusive load
monitoring (NILM), and more specifically, to a power
consumption disaggregation system which can disaggregate
total power consumption in a house into power consumption
of each hidden power consumption state by extracting
characteristic variables based on a reference resolution (low
resolution) from power data based on a high resolution and
applying the characteristic variables to a power consumption
disaggregation model based on a Hidden Markov Model
(HMM) considering dependency of external factors.

Background of the Related Art

[0003] In order to reduce and intelligently control energy
consumption, it is necessary to know power consumption
and amount of consumed power of energy consuming
devices and use status of the devices. However, as only
consumer’s total amount of energy consumption (accumu-
lated power) can be known in a general home through a
distribution panel, it is unknown which device is used with
only this information.

[0004] Accordingly, although there is a method of moni-
toring each energy consuming device by installing a smart
plug, the unit price of the smart plug is relatively high and
thus generates a cost problem.

[0005] To solve this problem, researches on Non-Intrusive
Load Monitoring (NILM) based on a total amount of power
consumption are under progress recently. NILM is a soft-
ware approach of efficiently extracting energy consumption
information of individual load devices through cooperation
of a single measurement device at a power entry point and
a server, and the energy consumption information of indi-
vidual load devices may be extracted from total energy
consumption information in a method of collecting various
data such as current, voltage, power and the like by the
single measurement device (smart meter), and analyzing and
collecting related data by the server.

[0006] Generally, KEPCO’s 15-minute unit is used as a
time resolution for collecting power data. Although it is
scalable from the aspect of utilization when low-resolution
power data of 15-minute unit is used, there is a limit in
providing information on user’s behaviors.

[0007] In addition, although high-resolution power data
may provide information on detailed user’s behaviors of
power consumption by expressing changes in the amount of
power consumption, installation of additional measurement
devices is required, and collection intervals and formats may
vary according to installed measurement devices.

[0008] Accordingly, a power consumption disaggregation
system based on NILM, which can improve performance
while increasing utilization of high-resolution power data by
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converting the collection intervals and formats of multi-
resolution power data based on low-resolution power data,
is required.

[0009] In addition, Intrusive Load Monitoring has a dis-
advantage in that the identification rate of an energy con-
suming device is inaccurate. Accordingly, a system capable
of grasping a hidden power consumption state considering
factors that affect consumption of power is required.

SUMMARY OF THE INVENTION

[0010] Therefore, the present invention has been made in
view of the above problems, and it is an object of the present
invention to provide a power consumption disaggregation
system, which can improve utilization and analysis perfor-
mance by extracting characteristic variables based on a
reference resolution (low resolution) from power data based
on a high resolution and using the characteristic variables for
analysis of power consumption disaggregation.

[0011] In addition, another object of the present invention
is to provide a power consumption disaggregation system,
which can disaggregate total power consumption in a house
into power consumption of each hidden power consumption
state by applying a characteristic variable based on a refer-
ence resolution to a power consumption disaggregation
model based on a Hidden Markov Model (HMM) consid-
ering dependency of external factors (temperature, time of
day, and the like).

[0012] To accomplish the above objects, according to one
aspect of the present invention, there is provided a power
consumption disaggregation system comprising: a DB for
receiving power data from a smart meter installed in a house,
receiving data according to external factors affecting the
power data from an external server, and storing the data in
time series; an extraction unit for extracting a characteristic
variable of a reference resolution time interval from the
power data and the data according to external factors stored
in time series; and an analysis unit for disaggregating total
power consumption in the house by inferring a hidden power
consumption state by inputting the characteristic variable
into a power consumption disaggregation model based on a
Hidden Markov Model (HMM) considering dependency of
external factors.

[0013] Inaddition, the power consumption disaggregation
model based on a Hidden Markov Model (HMM) consid-
ering dependency of external factors includes, in a reference
resolution time interval section, an emission part including
a normal distribution including an average and a variance of
observation values that can be generated for each power
consumption state considering dependency of external fac-
tors; and a transition part including a transition probability
matrix for determining transition of a power consumption
state considering dependency of external factors. At this
point, the observation value becomes the total power con-
sumption of the house.

[0014] Inaddition, the power consumption disaggregation
model may infer a time series of the hidden power con-
sumption state by using a time series of observation values
up to a current time point t on the basis of the normal
distribution and the transition probability matrix considering
dependency of external factors.

[0015] In addition, the hidden power consumption state
may be one among a base state in which base power
consumption occurs without intervention of a user activity,
an activity state in which power consumption occurs by
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intervention of a human activity without dependency of
external factors, and a variable dependent state in which
power consumption occurs by intervention of a human
activity with dependency of external factors.

[0016] At this point, when the hidden power consumption
state is inferred as the base state, the analysis unit may
determine that total power consumption observed at the
current time point t is power consumption of a base load.
[0017] Alternatively, when the hidden power consumption
state is inferred as the activity state, the analysis unit may
disaggregate power consumption up to an average corre-
sponding to the base state, among the total power consump-
tion observed at the current time point t, as power consump-
tion of a base load, and remaining power consumption as
power consumption of an activity load.

[0018] Alternatively, when the hidden power consumption
state is inferred as the variable dependent state, the analysis
unit may disaggregate power consumption up to an average
corresponding to the base state, among the total power
consumption observed at the current time point t, as power
consumption of a base load, power consumption up to an
average corresponding to the activity state, among the
remaining power consumption, as power consumption of an
activity load, and remaining power consumption as power
consumption of a variable dependent load.

[0019] Alternatively, the emission part may observe a
normal distribution N (u/, (6%Y) having the average p/ and
the variance (7Y that depend on an external variable T,
representing the external factor on the basis of equation
X[ls[:j’ TtNN (].lt], (GZY)~

[0020] Here, the average p; is u/=p, when dependency of
the external variable is not considered and p/=Bg+B'T,
when dependency of the external variable is considered, or
may be calculated through an artificial neural network.
[0021] Here, t may be a time-series time step according to
the reference resolution time interval, X, may be total power
consumption observed at t, S, may be a hidden power
consumption state that is not observed at t, T, may be an
external variable, j may be a possible power consumption
state, and p; and (Y may be the average p/ and variance
(Y of the total power consumption in state j at time point
t.

[0022] In addition, in the artificial neural network, input
data may be an external variable T, at time point t, and output
data may be the average parameter p./.

[0023] In addition, when dependency of the external vari-
able is considered, the emission part may use only the
external variable T, within a preset effective range as valid
data.

[0024] In addition, the transition part may calculate the
transition probability matrix according to whether it is
dependent on external variables, and determine a power
consumption state having a highest transition probability as
a power consumption state to be transited.

[0025] At this point, the transition part may calculate the
transition probability on the basis of

iy
Yo

J
Zk i

PSy =S =j, 1) =

when dependency of the external variable is not considered.
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[0026] Alternatively, the transition part may calculate the
transition probability on the basis of

exp (v +4VT)

PS1=ilSi =j, T) = ~ . L i
2, e (! + AT

or through an artificial neural network when dependency of
the external variable is considered.

[0027] Here, t may be a time-series time step according to
the reference resolution time interval, S, may be a hidden
power consumption state that is not observed at t, i, j, and k
may be possible power consumption states, and T, may be an
external variable.

[0028] In addition, in the artificial neural network, input
data is an external variable T, at time point t, and output data
may be the transition probability matrix.

[0029] In addition, when the power data or the data
according to the external factor is resolution data higher than
the reference resolution, the extraction unit may extract a
dimension-reduced characteristic variable based on the ref-
erence resolution using an autoencoder.

[0030] In addition, the analysis unit may determine an
optimal model parameter of the power consumption disag-
gregation model by learning the characteristic variable
extracted by the extraction unit and the observed total power
consumption as learning data on the basis of an expectation-
maximization algorithm.

[0031] In addition, the analysis unit may infer a hidden
power consumption state for the total power consumption at
each time point t on the basis of the power consumption
disaggregation model of which the optimal model parameter
is determined, and disaggregate the total power consumption
in the house into consumption of a load related to each
power consumption state.

[0032] Other details of the embodiment are included in the
detailed descriptions and drawings.

[0033] Therefore, according to the present invention, the
power consumption disaggregation system of the present
invention may increase utilization scalability of multi-reso-
Iution data (high resolution/low resolution) by extracting
characteristic variables based on a reference resolution (low
resolution) from power data based on a high resolution and
using the characteristic variables for analysis.

[0034] That is, although power data received for disag-
gregation of total power consumption in each house and
external factor data are collected at different resolutions of
high-resolution or low-resolution time units, as the data are
converted into low-resolution (e.g., KEPCO’s data collec-
tion resolution of 15-minute time unit) data having scalabil-
ity, multi-resolution data can be used.

[0035] In addition, total power consumption in a house
can be disaggregated into power consumption of each hid-
den power consumption state through a power consumption
disaggregation model based on a Hidden Markov Model
(HMM) considering dependency of external factors (tem-
perature, time of day, and the like).

[0036] Therefore, power consumption information
obtained by disaggregating power consumption may be
provided to a corresponding user terminal. In addition, the
power consumption information may be used as basic data
for constructing a power consumption solution service or the
like required for each house.
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[0037] The effects according to the invention are not
limited by the contents exemplified above, and more various
effects are included in the present specification.

[0038] This invention was financially supported by the
Ministry of Trade, Industry and Energy (MOTIE) and Korea
Institute for Advancement of Technology (KIAT) through
the International Cooperative R&D program. (Project No.
1415177635)

BRIEF DESCRIPTION OF THE DRAWINGS

[0039] FIG. 1 is a view showing the overall configuration
of'a power consumption disaggregation system according to
an embodiment of the present invention.

[0040] FIG. 2 is a block diagram showing a schematic
configuration of the power consumption disaggregation sys-
tem of FIG. 1.

[0041] FIG. 3 is a flowchart illustrating a power consump-
tion disaggregation method according to an embodiment of
the present invention.

[0042] FIG. 4 is a flowchart illustrating S110 (extraction
of characteristic variables of a reference resolution time
interval) of FIG. 3.

[0043] FIG. 5 is a view for explaining extraction of
characteristic variables by the extraction unit of FIG. 2.
[0044] FIG. 6 is a view for explaining a power consump-
tion disaggregation model according to an embodiment of
the present invention.

[0045] FIG. 7 is a view for explaining power consumption
disaggregation of the analysis unit of FIG. 2.

[0046] FIG. 8 is a graph for explaining power consump-
tion disaggregation according to an embodiment of the
present invention.

DETAILED DESCRIPTION OF THE
PREFERRED EMBODIMENT

[0047] The following description merely illustrates the
principles of the invention. Therefore, those skilled in the art
may implement the principles of the invention although they
are not explicitly described or shown in this specification
and invent various devices included in the spirit and scope
of the invention. In addition, it should be understood that in
principle, all the conditional terms and embodiments listed
herein are clearly intended only for the purpose of under-
standing the concept of the inventive, and are not limited to
the embodiments and states specially listed as described
above.

[0048] In addition, in the following description, it should
be understood that ordinal expressions such as first, second,
and the like are intended to describe objects that are equal to
and independent from each other, and there is no meaning of
main/sub or master/slave in the order thereof.

[0049] The above objects, features and advantages will
become more apparent through the following detailed
description in relation to the accompanying drawings, and
accordingly, those skilled in the art may easily embody the
technical spirit of the invention.

[0050] The features of the various embodiments of the
present invention may be partially or wholly coupled to or
combined with each other, and as those skilled in the art will
fully understand, technically various interconnections and
operations are possible, and each embodiment may be
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implemented to be independent from the others, or the
embodiments may be implemented together in association
with each other.

[0051] FIG. 1 is a view showing the overall configuration
of'a power consumption disaggregation system according to
an embodiment of the present invention. FIG. 2 is a block
diagram showing a schematic configuration of the power
consumption disaggregation system of FIG. 1.

[0052] Referring to FIGS. 1 and 2, a power consumption
disaggregation system of the present invention may include
a DB 100 and a power management server 200. The power
management server 200 may include an extraction unit 210
and an analysis unit 220. The analysis unit 220 may include
a learning unit 221, a power consumption disaggregation
model 222, and a consumption amount disaggregation unit
223. In addition, FIG. 3 is a flowchart illustrating a power
consumption disaggregation method according to an
embodiment of the present invention.

[0053] The DB 100 may receive power data from a smart
meter 100 installed in a house, receive data according to
external factors affecting the power data in the house from
an external server 20, and store the data in time series
(S100).

[0054] At this point, the received power data may be
collected as high-resolution data or low-resolution data
according to data collection intervals of the smart meter 100.
[0055] Here, the low-resolution data may have a 15-min-
ute resolution according to a general collection interval, and
may be used as a reference resolution in the present inven-
tion.

[0056] The high-resolution data may have a temporal
resolution higher than the reference resolution, for example,
1-minute resolution, several-second (Sec) resolution, or the
like.

[0057] Inaddition, power data collected at high-resolution
or low-resolution time intervals may be power signal infor-
mation including multi-dimensional power consumption
characteristics such as active power and reactive power,
voltage, current, normal or transient state, transient
response, on/off event, state transition change information,
and the like.

[0058] The data according to external factors affecting the
power data may be data received from the external server 20
or data included in the power data. For example, the external
factors affecting the power data may be various factors such
as temperature, humidity, fine dust, time of day, season, and
the like. When the external factors are temperature, humid-
ity, fine dust, and the like, the external server 20 may be a
server of the Korea Meteorological Administration. On the
other hand, the data according to external factors may be
received from a corresponding smart meter without the
external server 20.

[0059] The extraction unit 210 may extract characteristic
variables of a reference resolution time interval from the
power data and the data according to external factors stored
in the DB 100 in time series (S110).

[0060] When the power data and the data according to
external factors are resolution data higher than the reference
resolution, the extraction unit 210 may extract dimension-
reduced characteristic variables based on the reference reso-
Iution using an autoencoder. It will be described in detail
with reference to FIGS. 4 and 5.

[0061] FIG. 4 is a flowchart illustrating S110 (extraction
of characteristic variables of a reference resolution time
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interval) of FIG. 3. FIG. 5 is a view for explaining extraction
of characteristic variables by the extraction unit of FIG. 2.
[0062] Referring to FIG. 4, when the power data or the
data according to external factors is a data having a resolu-
tion higher than the reference resolution at step S110 (S111,
Y), the dimension-reduced characteristic variables may be
extracted from the high-resolution data using an autoencoder
(S8112). On the other hand, when the power data or the data
according to external factors is a low-resolution data (S111,
N), the low-resolution data may be used as it is.

[0063] Next, the data may be restored to the characteristic
variables of the reference resolution time interval (S113).
[0064] Forexample, when high-resolution data (collection
interval is t, for example, 1-minute time interval) as shown
in FIG. 5(a) is input into the extraction unit 210 constructed
as an artificial neural network based on an autoencoder, the
extraction unit 210 may convert the power data and the data
according to external factors into reference resolution data
(low-resolution, collection interval is t, for example,
15-minute time interval) as shown in FIG. 5 () by reducing
the dimension through an autoencoder method.

[0065] Here, the autoencoder is an unsupervised learning
model having a symmetrical structure, may be configured of
an encoder for compressing an input and a decoder for
decompressing an output, and performs an operation of
extracting dimension-reduced characteristic variables
through the encoder and producing an output similar to the
input through the decoder.

[0066] The input of the artificial neural network based on
an autoencoder of the present invention may be a high-
resolution time interval characteristic corresponding to a
single low-resolution time interval section, and the output
may be an encoding result corresponding to a corresponding
low-resolution time interval section.

[0067] As multi-resolution data is converted into a refer-
ence resolution data through an artificial neural network
based on an autoencoder and input into the power consump-
tion disaggregation model of the present invention, the
multi-resolution data may be used for power consumption
disaggregation (S114).

[0068] Next, the analysis unit 220 may infer a hidden
power consumption state using the power consumption
disaggregation model 222 (S120). Specifically, the analysis
unit 220 may disaggregate total power consumption in a
house by inferring a hidden power consumption state by
inputting the characteristic variables extracted by the extrac-
tion unit 210 into the power consumption disaggregation
model 222 based on a Hidden Markov Model (HMM)
considering dependency of external factors.

[0069] The analysis unit 220 may include a learning unit
221, a power consumption disaggregation model 222, and a
consumption amount disaggregation unit 223. Here, the
learning unit 221 may learn the characteristic variables
extracted by the extraction unit 210 as learning data, and find
an optimal parameter. At this point, the optimal parameter
may be found through an expectation-maximization (EM)
algorithm.

[0070] The expectation-maximization algorithm is an
iterative algorithm that finds an estimate of a parameter
having maximum likelihood or maximum a posteriori. Spe-
cifically, the expectation-maximization algorithm alternately
applies an expectation step of calculating an expected value
of log likelihood as an estimate of the parameter and a
maximization step of obtaining parameter estimates that
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maximize the expected value, and the variable values cal-
culated at the maximization step are used as estimates at a
next expectation step.

[0071] The analysis unit 220 infers the hidden power
consumption state from the total power consumption
through the power consumption disaggregation model 222
that is learned as a model by the learning unit 221, i.e.,
having an optimal parameter, and based on this, the con-
sumption amount disaggregation unit 223 may disaggregate
the total power consumption in a house into power con-
sumption of loads related to the inferred hidden power
consumption state (S130).

[0072] At this point, the HMM-based power consumption
disaggregation model 222 considering dependency of exter-
nal factors of the present invention may be illustrated as a
model as shown in FIG. 6. FIG. 6 is a view for explaining
a power consumption disaggregation model according to an
embodiment of the present invention.

[0073] Referring to FIG. 6, in the power consumption
disaggregation model 222 based on a Hidden Markov Model
(HMM) considering dependency of external factors, it is
shown through the dotted arrows (dependency of external
variables) that transition parts 21 (horizontal solid arrows)
and external variables representing external factors affect
emission parts 22 (vertical solid arrows). That is, the power
consumption disaggregation model may include transition
parts 21 and emission parts 22 as components.

[0074] Here, tis a time point (time-series time step accord-
ing to reference resolution time interval), X, is an observation

value expressed as x, &R, which is the total power con-
sumption observed at time point t, s, is a hidden state that is
not observed at time point t and expressed as s,&{1, .. ., K},
and T, may be at least one external variable at time point t.
At this point, the external variable may be temperature, time,
or the like as described above, and hereinafter, a case where
the external variable (external factor) is temperature may be
described as an example for understanding of explanation.
[0075] At this point, the hidden power consumption state
may be classified into classes of, for example, K=3.
[0076] The hidden power consumption state may be clas-
sified into 1) a base state in which base power consumption
occurs without intervention of a user activity, ii) an activity
state in which power consumption occurs by intervention of
a human activity without dependency of external factors,
and iii) a variable dependent state in which power consump-
tion occurs by intervention of a human activity with depen-
dency of external factors.

[0077] In FIG. 6, the emission part 22 may be a normal
distribution having an average parameter depending on
external variables, and the transition part 21 may be a state
transition probability matrix depending on external vari-
ables.

[0078] Specifically, the emission part 22 includes a normal
distribution including an average and a variance of obser-
vation values (total power consumption) that may occur for
each power consumption state considering dependency of
external factors, and may observe observation values in the
form of a normal distribution.

[0079] The emission part 22 may observe a normal dis-
tribution having an average parameter on the basis of
Equation 1 shown below. That is, hidden state j is considered
as a state of consuming energy in one of {1, ..., K}, T,is
temperature, which is an external factor recorded at time
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point t, and the amount of power consumption (observation
value) in state j having a premise may be assumed as
follows.

x1S=, T~ NV (™) [Equation 1]

[0080] That is, the emission part 22 may observe a normal
distribution .V (u7, (¢*Y) having an average p; and a vari-
ance (G~Y that depend on an external variable T, representing
an external factor.
[0081] Here, when dependency of external variables is not
considered, the average may be calculated as shown below
in Equation 2.
w/=pd
[0082] That is, B is an average of base load power
consumption without temperature dependency, and may be
calculated as a constant value, and may be determined as an
optimal value for each power consumption state through the
learning unit 221.
[0083] In addition, tis a time-series time step according to
the reference resolution time interval, X, is total power
consumption observed at t, S, is a hidden power consump-
tion state that is not observed at t, T, is an external variable,
jis a possible power consumption state, and p; and (%Y may
be an average and a variance of the total power consumption
in state j at time point t.
[0084] In addition, when dependency of external variables
is considered, the average may be calculated as shown below
in Equation 3. Alternatively, it may be calculated through an
artificial neural network representing a non-linear relation-
ship by extending the linear relationship of Equation 3.
u/=Bs+B /T,
[0085] Here, BT, is a rate of change of power consump-
tion according to an external variable, i.e., change in exter-
nal temperature, in state j, and may be calculated as a
constant, and it can be found as an optimal value for each
power consumption state through learning of the learning
unit 221.
[0086] In addition, it is an artificial neural network struc-
ture representing a non-linear relationship by extending the
linear relationship according to Equation 3, and may be
expressed as follows.

[Equation 2]

[Equation 3]

u/=NeuralNetEmission/(T,)

[0087] At this point, in the artificial neural network, the
input data may be an external variable T, at time point t, and
the output data may be the average parameter ;.

[0088] Meanwhile, when dependency of external vari-
ables is considered, only the external variable T, within a
preset effective range may be used as valid data. For
example, when the external variable is temperature, a mini-
mum temperature and a maximum temperature may be set
and used as an effective range.

[0089] In addition, the transition part 21 may include a
transition probability matrix for determining transition of a
power consumption state considering dependency of exter-
nal factors.

[0090] Here, the transition probability matrix is a rule in
which one state at time point t changes to another state over
time, and when K=3, it may have a 3x3 probability matrix,
and each probability value of the matrix may be determined
as an optimal parameter value learned by the learning unit
221. At this point, the probability value also changes accord-
ing to change in the external variable.
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[0091] Specifically, the transition part 21 may calculate
the transition probability matrix using Equations 4 and 5
shown below according to dependency of external variables,
and determine a power consumption state having the highest
transition probability as a power consumption state to be
transited next.

[0092] First, when external variable dependency is not
considered, the transition probability as shown in Equation
4 may be calculated.

78 f [Equation 4]

J
Zk i

PSy1=ilS =j, ) =

[0093] Here, tis a time-series time step according to the
reference resolution time interval, S, is a hidden power
consumption state that is not observed at t, i, j, and k are
indexes indicating possible power consumption states, and
T, may be an external variable.

[0094] That is,

i
Yo

Zk i

is in state j at time point t, and it becomes the probability of
being converted to state i at time point t+1, and when K=3,
the probability becomes 1 in the case of adding them in each
state of i={1, 2, 3}.

[0095] Alternatively, when external variable dependency
is considered, it may be calculated as a multinomial logistic
regression relationship as shown in Equation 5, or it may be
calculated as an artificial neural network structure that
generalizes the multinomial logistic regression relationship.

exp (v +1'T) [Equation 5]

P =S =)=
2, e (! + AT

[0096] In addition, the artificial neural network structure
based on the multinomial logistic regression relationship
according to Equation 5 may be expressed as follows.

P(S,,,=ilS,=j, T,)=NeuralNetTransition¥(T,)

[0097] At this point, in the artificial neural network, the
input data may be an external variable T, at time point t, and
the output data may be a transition probability matrix based
on the multinomial logistic regression relationship.

[0098] The consumption amount disaggregation unit 223
may infer a hidden state that best explains the observed total
power consumption using a Viterbi algorithm (S120), and
may disaggregate power consumption of each power con-
sumption state from the hidden state inferred for each time
point and the total power consumption (S130).

[0099] That is, the consumption amount disaggregation
unit 223 may infer the hidden state S, using the observation
value X, at the current time point t considering dependency
of external factors on the basis of a normal distribution
through the emission part 22, and infer power consumption
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state S,,; to be transited at the next time point t+1 on the
basis of the transition probability matrix through the tran-
sition part.

[0100] FIG. 7 is a view for explaining power consumption
disaggregation of the analysis unit of FIG. 2. Referring to
FIG. 7, when the hidden state inferred through the power
consumption disaggregation model 222 is inferred as the
base state, the consumption amount disaggregation unit 223
may determine that all the total power consumption
observed at the current time point t is power consumption of
a base load.

[0101] Alternatively, when the hidden state inferred
through the power consumption disaggregation model 222 is
inferred as the activity state, the consumption amount dis-
aggregation unit 223 may disaggregate power consumption
up to the average |1 corresponding to the base state, among
the total power consumption observed at the current time
point t, as power consumption of the base load, and disag-
gregate remaining power consumption as power consump-
tion of the activity load.

[0102] Alternatively, when the hidden state inferred
through the power consumption disaggregation model 222 is
inferred as the variable dependent state, the consumption
amount disaggregation unit 223 may disaggregate power
consumption up to the average |z corresponding to the base
state, among the total power consumption X, observed at the
current time point t, as power consumption of the base load,
power consumption up to the average |, corresponding to
the activity state, among the remaining power consumption,
as power consumption of the activity load, and remaining
power consumption as power consumption of the variable
dependent load.

[0103] The consumption amount disaggregation unit 223
may derive an in-house power consumption pattern as
shown in FIG. 8 by disaggregating the power consumption
state according to dependency of external variables in each
house.

[0104] FIG. 8 is a graph for explaining power consump-
tion disaggregation according to an embodiment of the
present invention. In FIG. 8, temperature is applied as an
external variable. Referring to FIG. 8, and the power con-
sumption state can be confirmed by classifying total power
consumption in a house considering temperature depen-
dency into a base load, an activity load, and a temperature
dependent load (Heating & Cooling load). Based on the
power consumption pattern of each house, users having
similar patterns can be classified as similar users and used as
basic service data. For example, in the power consumption
disaggregation model of the present invention, the normal
distribution representing the output is a linear relationship
with respect to temperature, and Equation 2 considers tem-
perature dependency. Here, it can be determined that the
higher the temperature dependency, the worse the efficiency.
Accordingly, solutions such as preventive maintenance, rec-
ommendation of new home appliances, and the like may be
provided as a service required for a corresponding group by
classifying a user group having high temperature depen-
dency.

[0105] As described above, the power consumption dis-
aggregation system according to an embodiment of the
present invention is a system based on Non-Intrusive Load
Monitoring (NILM), and may provide a corresponding user
terminal 30 with power consumption information obtained
by disaggregating power consumption (total amount of
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power consumption) in each house for each power consump-
tion state considering dependency of external variables by
using data received from the smart meter 10 installed in each
house and received from at least one external server 20.
[0106] In addition, the system of the present invention
may classify users by using power consumption information
disaggregated for each house, construct a power consump-
tion solution service or the like for each classified user
group, and provide the service to a corresponding user
terminal 30.

[0107] Although the embodiments of the present invention
have been described in more detail with reference to the
accompanying drawings, the present invention is not nec-
essarily limited to these embodiments, and various modifi-
cations may be made within the scope without departing
from the technical spirit of the present invention. Therefore,
the embodiments disclosed in the present invention are not
intended to limit but to explain the technical spirit of the
present invention, and the scope of the technical spirit of the
present invention is not limited by these embodiments.
Therefore, it should be understood that the embodiments
described above are illustrative in all respects and not
restrictive. The protection scope of the present invention
should be construed by the following claims, and all tech-
nical ideas within the scope equivalent thereto should be
construed as being included in the scope of the present
invention.

DESCRIPTION OF SYMBOLS
[0108]

100: DB 200: Power management
server

210: Extraction unit 220: Analysis unit
221: Learning unit

222: Power consumption disaggregation model
21: Emission part

223: Consumption amount disaggregation unit
10: Smart meter

22: Transition part

20: External server

What is claimed is:

1. A power consumption disaggregation system compris-
ing:

a DB for receiving power data from a smart meter
installed in a house, receiving data according to exter-
nal factors affecting the power data from an external
server, and storing the data in time series;

an extraction unit for extracting a characteristic variable
of a reference resolution time interval from the power
data and the data according to external factors stored in
time series; and

an analysis unit for disaggregating total power consump-
tion in the house by inferring a hidden power consump-
tion state by inputting the characteristic variable into a
power consumption disaggregation model based on a
Hidden Markov Model (HMM) considering depen-
dency of external factors.

2. The system according to claim 1, wherein the power
consumption disaggregation model based on a Hidden
Markov Model (HMM) considering dependency of external
factors includes, in a reference resolution time interval
section,

an emission part including a normal distribution including
an average and a variance of observation values that
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can be generated for each power consumption state
considering dependency of external factors; and
a transition part including a transition probability matrix
for determining transition of a power consumption state
considering dependency of external factors, wherein

the observation value becomes the total power consump-
tion of the house.

3. The system according to claim 2, wherein the power
consumption disaggregation model infers a time series of the
hidden power consumption state by using a time series of
observation values up to a current time point t on the basis
of the normal distribution and the transition probability
matrix considering dependency of external factors.

4. The system according to claim 3, wherein the hidden
power consumption state is one among a base state in which
base power consumption occurs without intervention of a
user activity, an activity state in which power consumption
occurs by intervention of a human activity without depen-
dency of external factors, and a variable dependent state in
which power consumption occurs by intervention of a
human activity with dependency of external factors.

5. The system according to claim 4, wherein when the
hidden power consumption state is inferred as the base state,
the analysis unit determines that total power consumption
observed at the current time point t is power consumption of
a base load.

6. The system according to claim 4, wherein when the
hidden power consumption state is inferred as the activity
state, the analysis unit disaggregates power consumption up
to an average corresponding to the base state, among the
total power consumption observed at the current time point
t, as power consumption of a base load, and remaining
power consumption as power consumption of an activity
load.

7. The system according to claim 4, wherein when the
hidden power consumption state is inferred as the variable
dependent state, the analysis unit disaggregates power con-
sumption up to an average corresponding to the base state,
among the total power consumption observed at the current
time point t, as power consumption of a base load, power
consumption up to an average corresponding to the activity
state, among the remaining power consumption, as power
consumption of an activity load, and remaining power
consumption as power consumption of a variable dependent
load.

8. The system according to claim 2, wherein the emission
part observes a normal distribution N (u/, (¢*Y) having the
average p; and the variance (6% that depend on an external
variable T, representing the external factor on the basis of
equation x,I1S,=j, T~N (u/, (6*Y), and the average p; is
p/=pJ when dependency of the external variable is not
considered and u/=p+B,’T, when dependency of the exter-
nal variable is considered, or is calculated through an
artificial neural network, wherein t is a time-series time step
according to the reference resolution time interval, X, is total
power consumption observed at t, S, is a hidden power
consumption state that is not observed at t, T, is an external
variable, j is a possible power consumption state, and p;/ and
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(6°Y are the average p;/ and variance (7Y of the total power
consumption in state j at time point t.

9. The system according to claim 8, wherein in the
artificial neural network, input data is an external variable T,
at time point t, and output data is the average ;.

10. The system according to claim 8, wherein when
dependency of the external variable is considered, the emis-
sion part uses only the external variable T, within a preset
effective range as valid data.

11. The system according to claim 2, wherein the transi-
tion part calculates the transition probability matrix accord-
ing to whether it is dependent on external variables, deter-
mines a power consumption state having a highest transition
probability as a power consumption state to be transited,
calculates the transition probability on the basis of

Y
Yo

J
Zk i

when dependency of the external variable is not considered,
and calculates the transition probability on the basis of

PSy1=ilS =j, ) =

exp (i’ +71'T)

PS1=ilSi =j, T) = ~ . 5 i
ZkeXP (ro” +917T3)

or through an artificial neural network when dependency of
the external variable is considered, wherein t is a time-series
time step according to the reference resolution time interval,
S, is a hidden power consumption state that is not observed
att, 1, j, and k are possible power consumption states, and T,
is an external variable.

12. The system according to claim 11, wherein in the
artificial neural network, input data is an external variable T,
at time point t, and output data is the transition probability
matrix.

13. The system according to claim 1, wherein when the
power data or the data according to the external factor is
resolution data higher than the reference resolution, the
extraction unit extracts a dimension-reduced characteristic
variable based on the reference resolution using an autoen-
coder.

14. The system according to claim 2, wherein the analysis
unit determines an optimal model parameter of the power
consumption disaggregation model by learning the charac-
teristic variable extracted by the extraction unit and the
observed total power consumption as learning data on the
basis of an expectation-maximization algorithm.

15. The system according to claim 14, wherein the analy-
sis unit infers a hidden power consumption state for the total
power consumption at each time point t on the basis of the
power consumption disaggregation model of which the
optimal model parameter is determined, and disaggregates
the total power consumption in the house into consumption
of a load related to each power consumption state.
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