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Table 1 Specific distribution of eight types of
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Table 2 Comparison of different methods

F\/%
Hk1 rik2 gk
762 836  89.6 917 949

T g =
LR Jk4 kS

0

1 71.6 79.0 88.2 94.6 98.0
2 74.3 85.9 91.4 96.6 97.7
3 72.3 80.6 90.6 97.1 97.5
4 69.4 81.2 85.0 97.5 97.3
5 82.1 82.1 90.4 98.3 98.4
6 71.8 83.4 92.3 96.5 95.2
7 80.0 80.0 95.8 100 100

A 74.7 82.0 90.4 96.5 97.4

e, o Sk B 48 07 1k 3z T, S0 gk
PLAID %¥i#fa4E, LA 30 kHz () RAEAFRAL 56 K
JiE 11 258 Y v s 1) F, Y R, T ) £, 3T 1 096
HREAESE , 55 3.1 AR, LA 7 2389 b 3] 23 11 2
LHMASE ., £ 3 R T FZNFE R dl a8
55 AR B REAS A 1 DL
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Table 3 PLAID household appliances sample distribution
s FARARN VISREAS IHEA%L

1 233t 64 28
2 TRELT 121 52
3 UKAH 32 14
4 WAL 109 47
5 SEICA L fik 114 49
6 e 95 41
7 VEAHL 18 8
3 HUT 82 35
9 HAE R 25 11
10 e XU 80 34
11 Pokgs 26 11
Bt 766 330

23 1125 )5 1) CNN-SENet [ 45 71 faf 15 31 2
W3 4, 0T LUE 1, PLAID 446 b 11 8K H L 4%
TR B F 5380k 90.7% HERG %K 89.6% i
RH92.5% 52Ky 89.6% , WFH] T CNN-SENet 7£
FHAEA R LR R SCP TR 7 1R
R T B PR 2s FF B 42 , X [ AR A B0 46 T LU
IR EN BT R BB

#*4 PLAD HiE&KRBER

Table 4 Experimental results on PLAID dataset

WasE FEMBEN A%  P/% R/%  F\/%

1 239 92.9 96.3 92.9 94.5
2 FEEAT 92.3 96.0 92.3 94.1
3 vKAE 85.7 92.3 85.7 88.9
4 R XL 95.7 90.0 95.7 92.8
5 ORI 87.8 93.5 87.8 90.5
6 WO 97.6 100 97.6 98.8
7 PeAHL 75.0 100 75.0 85.7
8 BT 85.7 90.9 85.7 88.2
9 HasmedE 818 90.0 81.8 85.7
10 Ha, XU 100 85.0 100 91.9
11 Pk ge 90.9 83.3 90.9 87.0

SEHIE 89.6 92.5 89.6 90.7
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Jiikio TEATHEESE PLAID 19 11 807 iRUAE 55
o SCRITER O BRI R T 90% o SEERAS R ER
W, B 05 vk B 0 1 A U BE D R R B2
HerERE .

SCHTTIR R TR G A 2 I 2 o S TS 97 )
FHIESRERE ), $& T T 3L 1 S i U PR RE . )5 &5
WFFERE ik — 20 4 I ZRAEAS v 52 T o, 4 1504 7Y il
2 ESRBL AZALRE T30 UL, R Al o Se s
HAV5 0 252250 By G il SR 50 05 i
PEATBIFSE , AN W D10 A 53 1 LA 52 300 5 vl sy R )
FERAX T HER
Sk -

(1] Pz, Wil , 5, 45 ARSI M OGS R ]
BICERALT ). 0 A3 L A 2021,41(1) 1135146,
GUO Hongxia, LU Jinwei, YANG Ping, et al. Review on key
techniques of non-intrusive load monitoring[ J]. Electric Power
Automation Equipment,2021,41(1) ;135-146.

[2] UL ISLAM N, MEHRAJ SHAH S. A low complexity binary-



A LBRA

234

(3]

I

[5

[}

[6]

[7]

—
(o]
[

(9]

[10]

[11]

[12]

weighted energy disaggregation framework for residential elec-
tricity consumption [ J |. Energy and Buildings, 2023, 298.
113553.
AR WIERE T, 4. FET I 0] 7 1 73 2641 55 i e
RLAER AT S TN BRI FE [ T]. L 51X 32, 2023, 60 (6) :
153-159.
LI Jiadong, HU Zhenghua, JIANG Weiping, et al. Load moni-
toring technology of smart electricity meters based on time series
classification task [ J]. Electrical Measurement & Instrumenta-
tion,2023,60(6) :153-159.
Y, RER, B, & ET2R5HAEEaM
Attention WL FAE R A AT 20 iS04 [ ] I 510K,
2023,60(11) :74-80.
DONG Zhe, CHEN Yuliang, XUE Tonglai, et al. Non-intrusive
load monitoring algorithm based on Attention mechanism com-
bined with global and sliding window [ J]. Electrical Measure-
ment & Instrumentation,2023,60(11) :74-80.
OUZINE J,MARZOUQ M,DOSSE BENNANI S, et al. New hy-
brid deep learning models for multi-target NILM disaggregation
[J]. Energy Efficiency,2023,16(7) :82.
HART G W. Nonintrusive appliance load monitoring[ J]. Pro-
ceedings of the IEEE,1992,80(12) :1870-1891.
BTOF R, AR AR ST R R A S AR A
RARAX TP [ T]. b E B AR 240, 2022,42
(24) .8876-8888.
WEI Guangfen,ZHAO Hang, HU Chunhua, et al. An ensemble
non-intrusive load identification method based on Shannon en-
tropy weighted voting algorithm[ J]. Proceedings of the CSEE,
2022,42(24) .8876-8888.
GUO X C,WANG C,WU T,et al. Detecting the novel appliance
in non-intrusive load monitoring [ J ]. Applied Energy, 2023,
343.121193.
IV, ST X, 55 BET O B B R BER AL AR 7
ARF A T]. o) 5 ,2020,41(4) :73-80.
SUN Yi, LI Haoyang, LIU Yaoxian, et al. Non-intrusive home-
load identification based on improved hidden Markov model[ J].
Electric Power Construction,2020,41(4) :73-80.
H{L, Frangois AUGER , JfI3HE2 , 45 A& DL (i R e 19
AERAX ST F A (] I R R 5w,
2018,46(22) .8-14.
XIAO Jiang, Frangois AUGER,JING Zhaoxia,et al. Non-intru-
sive load event detection algorithm based on Bayesian informa-
tion criterion[ J]. Power System Protection and Control 2018,
46(22) .8-14.
R d SR FRLLAh 4. A G IR RS T SCIR )
M AR AU G A I T ]. B RS R
5¥:ii,2020,48(7) :85-91.
ZHANG An'an,ZHUANG Jingtai, GUO Hongding, et al. Non-
intrusive offshore platform load monitoring based on graph-
based semi-supervised learning and generalized regression
neural networks [ J]. Power System Protection and Control,
2020,48(7) :85-91.
e, FREGE Wi, 45 FE T HOR YT 5 0 B {EE

[13]

[14]

[19]

[20]

FIRAER A AT OB [T]. #iLg J,2024,43(6)
88-100.

XING Haiqing, GUO Ruifeng, YANG Zhechuan, et al. A non-
intrusive load identification method based on data augmentation
and threshold-free recurrence plot[ J]. Zhejiang Electric Pow-
er,2024,43(6) :88-100.

FREG, T WL BREEAE, 55 BT ah I S A S B Ak
FRAS G I B A 715 [J/OL] . v [ A AL LA
2#4%: 1-14 [ 2023-11-02 ]. http ://kns. cnki. net/kems/ detail/
11.2107.TM.20231026.1452.012.html.

WANG Puyu, DING Yifan, CHEN Jianxiang, et al. Non-inva-
sive load monitoring data simulation generation method based
on dynamic harmonic admittance parameters[ J/OL]. Proceed-
ings of the CSEE ; 1-14[ 2023-11-02]. http://kns.cnki.net/ke-
ms/ detail/11.2107.TM.20231026.1452.012.html.
BB, KR, Z2PH, 4. BT LSTM Al 41 B SRR Y
FERAXGAST A [T]. B a5, 2023,46(3) : 841-
848.

QIAN Yujun, BAO Yonggiang, JIANG Dangi, et al. Non-
intrusive load decomposition techniques based on LSTM and
sequence-to-point models[ J]. Chinese Journal of Electron De-
vices,2023,46(3) :841-848.

SO LIRS 4. — T AR AR RS A
R TP AR R A SR B vk [T ] e AR EoR
2023,42(3) :85-96.

MO Haojie ,PENG Yonggang, CAl Tiantian, et al. Nonintrusive
load identification method based on time-frequency feature fu-
sion and extreme learning machine[ J]. Advanced Technology
of Electrical Engineering and Energy,2023,42(3) .85-96.
REFI, EALK R, 4. BT B s TR 5 fg i
B0 U [ 25 PP AL Y R AR A A QS B B i e [0 ). e
51484 ,2023,60(12) :182-188,195.

SONG Weigiong, WANG Liyong, SONG Wei, et al. Research
on residential non-intrusive load identification algorithm based
on equipment operation state detection and energy regression
synchronous evaluation[ J ]. Electrical Measurement & Instru-
mentation,2023,60(12) :182-188,195.

WANG A L,CHEN B X, WANG C G,et al. Non-intrusive load
monitoring algorithm based on features of V-I trajectory[ J]. E-
lectric Power Systems Research,2018,157:134-144.

GAO J K,KARA E C,GIRI S, et al. A feasibility study of auto-
mated plug-load identification from high-frequency measure-
ments[ C]//2015 IEEE Global Conference on Signal and In-
formation Processing ( GlobalSIP ). Orlando, FL, USA. IEEE,
2015.220-224.

BAPTISTA D,MOSTAFA S S,PEREIRA L, et al. Implementa-
tion strategy of convolution neural networks on field program-
mable gate arrays for appliance classification using the voltage
and current ( V-I) trajectory [ ] ]. Energies, 2018, 11(9):
2460.

HUANG Q F,FANG K J,DING Z C,et al. A non-intrusive res-
idential electric bicycle load monitoring method based on

hybrid feature bitmap and DeiT[ J]. Frontiers in Energy Re-



235 R 55 - A BN 2 P28 T B8 I B ) S0 A R 7k
search,2022,10:896398. 182-188.
[21] B, REF, i, % TR g 8 59 dE 3 A7 fif YAN Fei,ZHANG Ruixiang, SUN Yaojie, et al. Non-intrusive

[22

[23

[24

[25

[26

BRG], B DAREOR ,2024,43(1) :165-173,211.
ZHAO Cheng,SONG Yanxin,ZHOU Gan,et al. Resident non-
invasive load identification algorithm based on prior statistical
model[ J]. Electric Power Engineering Technology, 2024, 43
(1):165-173,211.

1R WO, BRI, G AR T SR A M 2 AR R A

FRFHER T EWE S LT ], il 5103, 2024, 61 (1) = 125-
130, 156.
LI Li, HUANG Youjin, XIONG Wei,et al. Non-intrusive load i-
dentification method based on improved convolutional neural
network[ J ]. Electrical Measurement & Instrumentation 2024,
61(1):125-130,156.

1 BREZ, BHE , WM. filG SENet F1 Transformer f) R JZ B
WL ] PR E 515 ,2024,18(3) :805-817.
CHEN Qian,HONG Zheng, SI Jianpeng. Application layer pro-
tocol recognition incorporating SENet and Transformer [ J].
Journal of Frontiers of Computer Science and Technology,
2024,18(3) :805-817.

] ANDERSON K D,BERGES M E,OCNEANU A, et al. Event
detection for non intrusive load monitoring[ C]//TECON 2012-
38th Annual Conference on IEEE Industrial Electronics Socie-
ty. Montreal,QC,Canada. IEEE ,2012:3312-3317.

] ALTRABALSI H, LIAO J, STANKOVIC L, et al. A low-com-
plexity energy disaggregation method ; performance and robust-
ness| C]//2014 TIEEE Symposium on Computational Intelli-
gence Applications in Smart Grid ( CIASG). Orlando, FL,
USA. IEEE,2014.1-8.

] SESE, SR EGHE  PMBEAS L 45 R T BCE KNN SRR AR R A
FRFRBIITIELT]. B B2k ( B RBAR) ,2021,60(2)

[27]

[28]

[

load identification method based on improved kNN algorithm
[J]. Journal of Fudan University (Natural Science) ,2021,60
(2):182-188.

SADEGHIANPOURHAMAMI N, RUYSSINCK J, DESCHRI]J-
VER D, et al. Comprehensive feature selection for appliance
classification in NILM[ J]. Energy and Buildings,2017,151;
98-106.

ESFAH, SRRE I, BRI SC, 5. B TAHMERL G SRS T
FERA XA AR L LT]. B &5 A 3k, 2020, 44
(9) :103-110.

WANG Shouxiang, GUO Luyang, CHEN Haiwen, et al. Non-
intrusive load identification algorithm based on feature fusion
and deep learning[ J]. Automation of Electric Power Systems,
2020,44(9) :103-110.

KELLY J,KNOTTENBELT W. Neural NILM :deep neural net-
works applied to energy disaggregation [ C ]//Proceedings of
the 2nd ACM International Conference on Embedded Systems
for Energy-Efficient Built Environments. Seoul South Korea.

ACM,2015:55-64.

TEH RIS

R (1988) , 53, 2+, TARIE, i
Beit & 9 4% % 4 T4 ( E-mail ; zyt717 @ hot-
mail.com) ;

ZREI1(1997) B B4 32, ST 7 1 A
TR ) R G R 5

XU (1984) 5, 2+ @ 0 LRI, A
Fitit ARG KBRS T 5 R A,

Load recognition method based on convolutional neural

network and attention mechanism
ZHAO Yitao', LI Zhao®, LIU Xinglong' , LUO Zhao®, WANG Gang®, SHEN Xin'
(1. Yunnan Power Grid Co.,Ltd.,Kunming 650217, China;

2. Faculty of Electric Power Engineering, Kunming University of Science and Technology , Kunming 650500, China)
Abstract ; Non-intrusive load monitoring (NILM) of residential houses is an important research content of the user demand side
of smart grids,and the energy consumption analysis and power consumption management of residential loads are key steps in
achieving energy conservation, emission reduction, and sustainable development. Aiming at the problems of poor recognition
performance of traditional algorithms and difficulty in adapting to the current complex electricity environment,a NILM load
recognition method integrating convolutional neural network ( CNN) -self-attention mechanism is proposed from the optimization
idea of enhancing the feature extraction performance of classification algorithms. Firstly, the power data of eight different
household appliances are collected to establish a U-I trajectory curve database. Secondly,the feature aggregation ability of CNN
is improved by using squeeze-and-excitation network (SENet) attention mechanism to complete the feature extraction and load
identification of U-I trajectory curves of different electrical appliances. Finally, the private dataset and PLAID dataset are
tested, and the example results show that the proposed method has high recognition accuracy and good generalization
performance in different operational scenarios.

Keywords : non-intrusive load monitoring ( NILM) ;load identification ; convolutional neural network ( CNN) ;squeeze-and-exci-

tation network ( SENet) ;attention mechanism ;feature extraction; U-I trajectory
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