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Non-intrusive load decomposition based on attention mechanism and ConvBiLSTM

ZHANG Shunmiao, CHEN Minglong
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Abstract; Aiming at the problem that the accuracy of non-intrusive load decomposition still needs to be im-
proved, a non-intrusive load decomposition method was proposed. First, aiming at the difficulty in labelling the
operation status of electric equipment with a large amount of data during training, k-means clustering introdu-
cing the silhouette coefficient and the sum of squared error as evaluation indicators was designed to determine
the number of load status. A status code was constructed to represent the operation state of all electrical appli-
ances. Second, features were extracted by means of ConvBiLSTM ( convolution layer and bidirectional long
short-term memory network ). Attention mechanism was introduced to select the electrical status codes with
high importance to the decomposition task, and then these codes were classified through the full connection
layer to obtain the status codes at each moment, and then the actual power of each electrical equipment was
obtained. Finally, the public AMPds2 data set was used to verify the proposed method. Results show that the
proposed method has higher load decomposition accuracy.
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Tab.1 Index table of active power based on k-means
EERIPYIE VA
W R
KEO REL KRE2 OWRE3
YewiblL 3 0 767 143 -
UKAE 2 1 135 - -
#okd 2 35 1 746 - -
VEAHL 4 0 504 172 105
MRy 2 5 344 - -
TR 3 0 4 680 255 -
iEasie 2 110 372 - -

1.2 SEPRESEKAE

T I BRI W 1 A% P LR A ) AR RS AL
K, ¥R T A DR EERR S Z
AHOCHR S A RS 1Y S PR AR, I X6 & He s 19 T
VRS2 |, 0 3 A HR S W R L 2 5
P2 Ak B TAERESH A — RS, i
A M A RS RS N A (1) s .

N=n"3% 10"" +n"" % 10" + - +
n! % 10° (1)

Fx2 HABREEITIERR

Tab.2 Working conditions of electrical equipment
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Fig.3 Non-intrusive load decomposition based on

attention mechanism and ConvBiLSTM
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Tab.3 Power decomposition accuracy of Scenario 1
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Tab.4 Mean absolute error of Scenario 1
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Tab.5 Power decomposition accuracy of Scenario 2
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