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Spectogram analysis of active power of appliances and LSTM-based
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Abstract In this study, we propose a deep learning-based NILM technique using actual measured power
data for 5 kinds of home appliances and verify its effectiveness. For about 3 weeks, the active power
of the central power measuring device and five kinds of home appliances (refrigerator, induction, TV,
washing machine, air cleaner) was individually measured. The preprocessing method of the measured
data was introduced, and characteristics of each household appliance were analyzed through
spectogram analysis. The characteristics of each household appliance are organized into a learning
data set. All the power data measured by the central power measuring device and 5 kinds of home
appliances were time-series mapping, and training was performed using a LSTM neural network, which
is excellent for time series data prediction. An algorithm that can disaggregate five types of energies

using only the power data of the main central power measuring device is proposed.
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Table 1. Central main power measurement equipment

Target place Apartment(Osan, South Korea),
get p 5-person household
Measurement period 20.09.16 ~ 20.10.08 (22 days)
Measureme 50 / 60 Hz
nt freq
Voltage -

= |3 input AC 10 ~ 380 (phase voltage)
5| s Current
é; input AC BA
g Voltage/ 0.5 VA or less (1 Phase)
2 current
§ o WIFI Use dedicated manager software
2| g | MODRS RS485 4800 ~ 38400 BPS
s
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Table 2. Types and specifications of appliances connected to the central main power measuring device

Appliances Refrigerator Induction v Air Cleaner Washer
Power 33kWh/Month 3400W 180W 38W 2100w
Voltage - 220V 240V 100~240V 220V
Frequency - 60Hz 50/60Hz 50/60Hz 60Hz

Dimension 912x1786x910 575x516x54 . 65 445 645x770x940
(mm) (mm,) (inches) (mm,)

_ — o mm
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Fig. 1. Active power consumption for one day each
appliance.
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Fig. 2. Spectogram analysis result for each home appliance.
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Fig. 3. Spectogram and LSTM-based energy
disaggregation algorithm.
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Fig. 4. Deep learning training data set pre—processing
process for energy disagaregation.
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