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Abstract: Aiming to the non-intrusive load monitoring (NILM) of residential households, a method of load
profile decomposition based on the appliance switching events and the long short-term memory networks (LSTM)
was proposed. The difference-summation algorithm was performed on the total active power data of a residential
household, and the hard threshold function was used to filter the noise of the obtained difference-summation data,
so as to accurately detect the switching events with extracting the abrupt change of the difference-summation data.
Furthermore, the LSTM method was adopted to forecast the data of the power profile, and the power profile of each
individual appliance was extracted from the total power profile of the residential household to realize the appliance-
level profile decomposition. The validity of the proposed method was verified by the experimental data and the
reference energy disaggregation dataset (REDD).
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Tab.2  Operation cycle of typical load data
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Fig.2  Flow chart of switch event matching
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signal figure of electric kettle
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Fig.5 Partial details of the detection results of the CUSUM algorithm
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Tab.3  Comparison of detection results of electric kettle

TP FN FP  ap/%  apl% ap ags
Jl 2 0 1 100 6667  80.00  0.71
Jk2 2 0 1 100 66.67  80.00  1.50
JEE3 2 0 0 100 100.00  100.00  0.50
JEE4 2 0 0 100 100.00  100.00  0.50
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Tab.4  Comparison of detection results of air conditioner

TP FN Fp ppp/ Yo app!% [
ikt 11 1 139 91.67 7.30 13.52
Kk2 5 7 12 41.67 29.41 34.48
Jik3 7 5 2 58.33 7778 66.67

J7iki4 11 1 0 91.67 100.00 95.65
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Tab.5 Comparison of detection results of combination scene
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Tab.6  Accuracies of power and energy estimation of a single load

gAY Wl %o -
FL 7K A 99.99 99.99
GRS 99.96 99.84
Wk 99.12 99.12
23 96.95 96.92

423 YA EAE T o)A

X 4.1.3 5 T B AL A s b AT A0 A i 44y
it , N A itk i ) B — AT T B R i g o i 2tk
P st b, i 11 s

4000 T

'uw%m&'

= | WK,
2000 T

YIF/W

TR

S RO Y P Y Do
0 20 40 60 80 l(/)O 120 140 160 180 200
t/s

BT R b2t 28 AR 216 b s I 10 57 7if i 2 4 ik P
Fig.11 Load curves decomposition diagram
of the combined scene of LSTM
424 HEMEMEFEXIL
R 1 U i i 07 e e o0 i SR ) TR B
¥ £ M4 {H (linear interpolation, LI B )7 B 42
e — i 2, 2R as R AN 12 BfR
71



wAEF 2022F F£52K F 184

Stk F R T RAERAY 2 M &0 S5 R AT & O ik

4000

ST ML

UESTEN —
e

. f J o 1 P—
40 60 80 190 120 140 160 180 200
t/'s

2000+

YIF/W

oKL

00 20

P12 2R g (R S 1 i 2 20 Ak Pl

Fig.12  Load curves decomposition diagram of linear interpolation

XFHCI 11 FIE 12, v A R s
L2453l H 0 2% R — B far D) SRR 2 TP AR
FTERT LSTM 5 LI R 5 fit FRE 4>
fREgE R, MR R EH AR T, LST™
W B B P B, g — Tl B4 A M R I HE
90% LA I,
#7 ASHBTHIENRABENEESMEBE

Tab.7  Accuracies of power and energy decomposition
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Tab.8 Comparison of detection results of REDD data

TP FN  FP  au,/% appl% ag, @ yppls
HiE1 52 8 34 86.67 60.47 7124  1.32
k2 59 119 98.33 75.64  85.51 1.78
HiE3 60 0 1 100.00 9836  99.17  0.41
k4 59 1 0 98.33  100.00 99.15  0.57
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