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Abstract
The Japanese government is proceeding to have the electricity companies to install smart meters in residential sectors.
Although power companies are installing smart meters in residential areas, electricity data analysis methods for smart
meters are not developed in Japan enough. This research shows an analysis method of electricity disaggregation on
low-resolution smart meter data to reveal the point of energy saving for the residents. Specifically, we provided that
three kinds of disaggregation methods for the disaggregation of Low-resolution data. 1) Two-states-disaggregation,
which can separate the active and the inactive state. 2) Three-states-disaggregation, which can separate the load for
active, mid-active and inactive states, which can reveal the life pattern specifically. 3) Temperature-sensitive load
disaggregation that can separate the total load and temperature-sensitive load. Finally, we also demonstrated an
example of how to take advantage of the disaggregation that helps the users to analyse and enhance energy saving. 
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1. Introduction
In recent years, the introduction of smart meters has been actively conducted in various countries. The
Japanese government is proceeding to have the electricity companies install smart meters in residential
sectors for the purpose of increasing the efficiency of energy-saving and demand-response programs.
After the installation of an electric smart meter, it is expected that a large amount of data can be fully
utilized to provide valuable, unique services. To achieve further energy-saving advice, the research on the
electric data usage has just started in Japan [1].
In particular, the visualization and energy-saving diagnostic services such as electricity disaggregation
based on smart meters have earned greater attention. Electricity disaggregation is a process for deducing
the life patterns and usage of appliances by detecting and identifying changes in the voltage, current, and
amount of power going through a house. The type of electricity disaggregation could be classified by the
power-measuring interval of data [2]. K. Armel et al. indicated a summary of patterns across existing
electricity disaggregation work. A data frequency of 1 hour -15 min. uses data features such as duration
and time of appliance use and can differentiate three general categories: loads that correlate with outdoor
temperature, loads that are continuous, and loads that are time-dependent. A 1 min-1 second data
frequency starts to be able to differentiate each appliance and the top 10 appliance types: refrigerator,
ACs, heaters, pool pumps, washers, dryers, etc. based on the information of steady state steps/transitions
of power [2]. As the data frequency gets finer, the capacity of the appliance recognition rises. Contrary to
the various possibilities of the electricity disaggregation-based high-resolution smart meter, in Japan, the
main electricity companies have decided to install the smart meter with 30 minutes as the measuring
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interval for households. Also, it is general to use smart meters based on a sample value with a 60~15
minute measuring interval in many other countries such as UK, Australia, and USA [3]-[5]. These facts
show that in the future, the penetration of a low-resolution measuring (low sampling interval) smart meter
will be much higher than the high-resolution smart meter. In previous research, electricity disaggregation
using high-time resolution data was widely studied. On the contrary, data analysis methods for smart
meters with low time resolution are not sufficiently developed [2]. Furthermore, as the analysis method,
the electricity load clustering based on k-means or EM algorithm has been used for the purpose of
marketing and grouping [6]-[10] to reveal the patterns and trends in the demander group. However, the
clustering of the specific time series of the electricity load has not been researched. Assuming the
electricity load as a time series, the hidden Markov model can cluster the load into states. The comparison
of electricity usage between residents is effective in energy saving, according to previous research [10][12].
In this research, we propose a method that can extract electricity usage patterns based on the electricity
disaggregation of low-resolution data. There are two kinds of disaggregation. First is based on the
electricity load itself; we disaggregate the load based on the distribution and the amount of value. The
second is based on the electricity load and the related parameter. Here, we consider the related parameter
is out-side temperature, and disaggregated the electricity load based on it. Specifically, we used a hidden
Markov model to determine the state of the electricity usage [8]. Based on the information in the previous
steps, we could analyse the behaviour of each state. The total research has much practical applications
such as remote life pattern diagnosis, life pattern abnormal detection, in-house or off-house suggestion for
the delivery service or targeted advice or demand response programs intended to reduce the demand of
customers and make effective comparisons among electricity users.
2. Methods
2.1. Two-states-disaggregation
A Hidden Markov model is a tool for representing probability distributions over sequences of
observations [13]. Here, we have two rough steps; the first step is to calculate the hidden states for the
time series data that was generated by the smart meter. The second step is to analyse and compare the
disaggregated data so that it is possible to provide targeted energy-saving advice to a particular state. Also,
comparing the time series of the residents is valid in energy saving, according to previous research [9].
Furthermore, we introduce the average electricity usage of the analysis. The point for this kind of
clustering is that it is different from the typical clustering method because it is possible to separate and
cluster the time series, depending on the pattern of the different time series. Furthermore, We can
introduce the way to separate the load for the state to more than three states to help the demander to
identify the load patterns and life patterns. We performed the disaggregation for more than three hidden
statuses. Here, the status can indicate the certain life activity such as sleeping, breakfast, working and so
on.
2.2. Hidden markov model
When the hidden states (A,B,C..) are defined as Q:={q 1,q2,q3…qn}, (1) is the posterior probability to
have the observation:={ y1, y2, y3,…yn}, and it can be defined as below.

P(Y |Q)= π q

0

n

∏a
t=1

b ( yt )

qt qt+1 qt

where,

π q = The initial emission parameter in the state q0.
0

bq ( yt ) = Emission parameter for an observation associated with state q t.
t

(1)
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aq q = Probability of transition from state qt.
t t+1

Hidden Markov model can estimate the hidden status by Baum-Welch algorithm and Viterbi algorithm.
Baum-Welch algorithm is used to find the each parameter including the initial parameter distribution, the
transition distribution and described in the above Viterbi algorithm is a dynamic programming algorithm
for finding the most likely hidden states for the coming the test sequence. The difference between the
Hidden Markov model and another clustering model is that the Hidden Markov model is targeting the
time-series to find the hidden states for each input data. Specially, the pervious time series route will be
considered in the decision process of the hidden status so that the distribution of the time series will be
considered. Here, we consider the electricity load (30 minutes) as input data, try to find the suitable
hidden state based on the emission parameter and probability of transition. The disaggregated hidden
states cannot represent some specific appliance, but it is possible to show the certain state that have
particular distribution and value. We call this hidden state life pattern. Life pattern can stand for active or
in-active state or more specific pattern.
2.3. Temperature sensitive disaggregation
In Japan, the temperature sensitive load is consisting of around 30% of the total load of household [14].
Also, once the control device of the temperature load has been reported it can reduce the house energy
consumption around 20% in the USA. It means that to indicate the approximate temperature sensitive
load has the potential to help the demanded to perform the energy saving. We performed the
disaggregation for the temperature sensitive load; the status can indicate the life activity that is sensitive
to the temperature. The temperature sensitive load can be calculated by the procedure below. The basic
idea of temperature sensitive disaggregation is to take advantage of the load gap between the time (season)
that is not temperature sensitive and the time (season) is temperature sensitive. We consider the gap is the
temperature sensitive.
1) Build a model between average temperature per day and average electricity load per day based on
more than one-year data. It can be represented in the Quadratic equation form (The case of electricity
load in Japan).

Yload = T 2 +T + c , where T is the average temperature per day

(2)

2) Calculate the lowest average load in a year, set it as Ylow, and calculate the ideal load for each step
(Yideal,t) for the temperature in that step (t) based on the equation (2).
3) Calculate the Ygap between ideal load (Yideal,t )and lowest load (Ylow ).
4) Calculate the temperature sensitive load Ytemp,t for each step(t) based on the equation(3)

(

)

Ytemp,t = Yactual ,t / Yideal ,t * Ygap,t Ygap,t >= 0

(3)

3. Case Study
3.1. Two-state-disaggregation
We used the data of a condominium in Tokyo area in Japan. The term of data is one year
(2013/1/1~2013/12/31), and the time step of data is 48 steps per day (1 step is 30 minutes). The number
of electricity demandedd in the condominium is 75.We performed the calculation of the hidden state of
the time series. Fig. 1 shows the result of disaggregation based on HMM. We consider that there are two
states in the time series. One state is the resident has active behaviour (active state); the other state is that
the resident has inactive behaviour (inactive state). It shows that the two states could be clearly separated
(The darker part indicates the inactive pattern, and the light part indicates the active). In the contrast, Fig.
2 indicates the result of disaggregation based on the K-mans method that is a general method for the
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grouping and clustering for the electricity load. Here, we can find that the k-means method could not
classify the status of the active and inactive state. Also, the one advantage of using the Hidden Markov
model is that the Hidden Markov model can take the duration of loads into consideration and do not have
to make criteria for each time series. For instance, in Fig. 1, the cycle part was not selected for an inactive
state because of the fluctuation of the load.

Fig. 1. The result of disaggregation (HMM).

Fig. 2. The result of disaggregation (k-means).

3.2. Three-states-disaggregation
Fig. 3 could separate the life pattern to three states (active, mid-active, in-active). Fig. 4 and 5 show
the percentage of each status for each period of a demander. The horizontal axis is the time, and the
vertical axis illustrates the number of the count for the status (in 10 days). From Fig. 4 and 5, we can find,
intuitively, that the inactive status is concentrated in the nighttime and the daytime for this demander, and
the most active status is located in the morning and evening. Furthermore, we can understand that, even
though the inactive status has a great percentage of electricity usage, the amounts of active and mid-active
statuses have much larger electricity usage. It is possible to suggest electricity reduction from the midactive and active statuses. As practical usage, we can take a questionnaire from the demander to know the
actual activity and the appliance that is working in that state, or define more states that represent the life
patterns
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Fig. 3. The result of disaggregation (3 hidden status).

Fig. 4. The percentage of each status for each time of a demander.

Fig. 5. The total amount of each status.

3.3. Temperature sensitive load disaggregation
Following what has been indicated in Section 2.3, the data is from January 2012 to November 2012 for
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a demander in Tokyo. Fig. 7 shows the disaggregation of the temperature sensitive load from the total
load. The green graph is the full load of the demander from September to November. The disaggregation
is performed based on the model made from Fig. 6. We can find a quadratic relationship between the
average temperature and average demand. The trend line was represented by the equation
1.5*temperature2 -50.678 * temperature + 673. The P value was < 0.0001. In Fig. 6, we can find that the
usage of load is high when the average temperature is over 25℃ and below 10℃ (Tokyo). Also, we can
tell it is hard to distinguish the load from the total load without the disaggregation. Taking advantage of
this method, we can further precisely advise people to reduce the power usage for demand response and
power saving.

Fig. 6 The plot between average temperature and average demand.

Fig. 7 The disaggregation of the temperature sensitive load (Green (Upper): Total load, Red (Mid): Disaggregated
load, Gray (Down): Temperature).

194

International Journal of Smart Grid and Clean Energy, vol. 5, no. 3, July 2016

3.4. Example for the disaggregated load data analysis
We performed the analysis of the disaggregated data and had a comparison of the result. Fig. 8 and 9
show the comparison of the electricity usage of rooms in the condominium. The horizontal axis is for the
average of the state condition (1 stands for active status, 2 stands for inactive status). The vertical axis is
for the average electricity usage per day. We can classify the two-dimensional graph to four domains to
characterize the demanders as indicated in Fig. 8. Primarily, we can estimate that there is a high potential
to perform the energy saving for the room to improve the domain (right upper side) because we assume
that these demanders use much electricity even though they are in an inactive state. Fig. 9 indicates the
comparison of the electricity usage of two rooms every day for a year, and it suggests that there is more
potential to reduce the electricity for the demander (with large dot). The reason is that the average
electricity usage of the user demander (with large dot) has a radical change in the mean of the state
condition. Also, there is a high variance in electricity usage for the active state of the user demander (with
large dot) so that we can assume there is room to improve the electricity usage. All of this analysis can
make a system that to provide the information.

Fig. 8. The comparison of the electricity usage of rooms.

Fig. 9. The comparison of electricity usage of 2 demanders (The average of the state condition versus the average
electricity usage).
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4. Conclusion
The paper shows an analysis method of electricity disaggregation on low-resolution smart meter data
to reveal more precise personalized insights and analysis for energy saving. The result of the
disaggregation can be applied to a number of service such as remote life pattern diagnosis, life pattern
abnormal detection, in-house or off-house suggestion for the delivery service or targeted advice or
demand response programs intended to reduce the demand of customers and make effective comparisons
among electricity users. This result is much more feasible than using the finer sampling interval smart
meter data because of the popularity of the low-resolution smart meter. As the future perspective, we
would like to use the result of disaggregation for the recommendation system for the energy-saving
appliance recommendation based on the low-resolution smart meter data.
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