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Research on Non-Intrusive Load Monitoring Method Based on

Multi-Layer and Multi-Kernel Convolution Neural Network "
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Abstract; Only by measuring the total load voltage, current, power and other signals carrying power information,
non-invasive load monitoring can achieve load monitoring without additional metering devices and line transforma-
tion,so it has been widely studied. Aiming at the low accuracy of the traditional deep neural network decomposition
model ,a decomposition model based on multi-layer and multi-core convolution deep neural networks is proposed.
In order to reflect the characteristics of different devices, different sequence lengths are used in data segmentation.
Then ,the model first transforms the input power time series into high-dimensional vectors by high-dimensional
mapping and then designs the multi-layer and multi-core convolution deep neural networks to extract the features of
the generated vectors. Finally,the load decomposition model is generated after repeated iterative learning. Compared
with other deep learning methods for non-intrusive load decomposition, the model improves the accuracy of load
identification obviously,and the recognition accuracy on REDD data set reaches 99.41%.
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%1 CNN-LSTM #EBI4gR

Layer( type) Output Shape Param
InputLayer (None,600,1) 0
Convld (None,600,20) 120
Convld (None,600,10) 2 010
Lstm (None,600,20) 2 480
Lstm (None,600,1) 38
Flatten (None,600) 0
%2 CNN-1d-2 K
Layer( type) Output Shape Param
InputLayer (None,600,1) 0
Convld (None,591,30) 330
MaxPooling (None,295,30) 0
Convld (None,288,30) 7 230
MaxPooling (None, 144,30) 0
Convld (None, 139,30) 7 240
MaxPooling (None,69,30) 0
Convld (None,65,30) 10 050
MaxPooling (None,32,30) 0
Convld (None,28,30) 12 500
MaxPooling (None,14,30) 0
Flatten (None,600) 0
Dense (None, 1024 ) 717 824
Dense (None,600) 615 000

— P ] 2 25 A v oG BEOSCHER ( CNN-LSTM) R FH M
E4 B2 W 2 LSTM JE A7 4 10 ff 1, 2 )2 %
(CNN-1d-2) fil£ )2 2 # ( CNN-multi-kernel ) #5114
K CNN R A HAE A2 2 2 AR 2
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%3 CNN-multi-kernel B4

Layer( type) Output Shape Param
InputLayer (None,600,1) 0
Convld (None,598,20) 80
Convld (None,596,20) 120
Convld (None,591,30) 220
MaxPooling (None,299,20) 0
MaxPooling (None,298,20) 0
MaxPooling (None,295,30) 0
Convld (None,297,30) 1 830
Convld (None,294,30) 3030
Convld (None,286,30) 6 030
MaxPooling (None, 148,30) 0
MaxPooling (None, 147,30) 0
MaxPooling (None,143,30) 0
Convld (None,146,40) 3 640
Convld (None,143,40) 6 040
Convld (None, 134,40) 12 040
MaxPooling (None,73,40) 0
MaxPooling (None,71,40) 0
MaxPooling (None,67,40) 0
Convld (None,71,50) 12 500
Convld (None,67,50) 10 050
Convld (None,58,50) 20 050
MaxPooling (None,35,50) 0
MaxPooling (None,33,50) 0
MaxPooling (None,29,50) 0
Flatten (None, 1750) 0
Flatten (None, 1650) 0
Flatten (None, 1450) 0
Concatenate (None,4850) 0
Dense (None, 1200) 5 821 200
Dense (None,600) 720 600
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PRE) 48X HEH 1R 7 (mean absolute error, MAE) %
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USRI E AN R, AL T
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(2) I XTE IR ZE MAE

n
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2 |yi_5/i| (5)

samples i=0

MAE(y,y)=
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R® Yo REUMHEE 1 o Bl Mar, -
WAy, i B 20 L L A LTy, S R
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B, T R AR TN S S PR A ] Y 225
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Results on training set (R* score=0.940)

7500
—— Aggregate data
5 5 000 ~— Ground truth(refrigerator)
5] — Prediction(refrigerator)
£ 2500
[
0 j
0 0.2 0.4 0.6 0.8 1.0 1.2
Time/s x 10°
Results on training set (R* score=0.674)
10 000

B 7 500 — Aggregate data
= - ~— Ground truth(refrigerator)
g 5000 — Prediction(refrigerator)
o
S 2500
0 ]

Time/s x10°
B3 ZBRERTMLETR
2.5.2 T HER R
I 22 RSB PR AR AR R A, S
BAFRGRBIER B (PRE) 253403 5 FiR .,
F5 SEARERE

ixiill HER 3/ % RIE I3 %
CNN-LSTM 98.26 —
CNN-1d-2 99.26 1.00
CNN-multi-kernel 99.41 1.15
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BRI $2 HURE 7 %5 55, o B R AR X 5 I, T CNN-
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SER REOE SR IO I 7 43, AT ARAS B i R VA 2

55 BESCHRAR ], A SCl e T REDD % 48
T VKA BEBIAL KT ST AL 5 R R
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e 6 i,
*6 SHEATAERBHRIERE A{1.%
i UKEE VEmEHL KA B el
CNN-LSTM 97.81 89.13 78.62 97.60 77.75
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CNN-multi-kernel 99.98 98.29 96.43 98.00 82.15
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R FULABRE NS G P25 % 7 far REIE A S2 AR T, 44
PR TEARSS A R E R TN Fe 4y, T AR
RULERARAE [ A SE 02, ] LU HRE RN 671 far 551
WERRARTHR K, L B T T i IR 241
FL AR I ERA R, RIS, ARG H AT T B A s
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