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Fig.1 Schematic diagram of non-intrusive load monitoring
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Fig.4 Electric current waveform
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Table 1 Examples of typical characteristic quantities of various loads

% 5 wREBEA/A HFARE/A B R AKRRIL/A ZREKRIE/A AWM ER/ B BRME
1 0.588 9 0.3110 1.893 5 0.410 0 0.1528 0.380 0
2 0.5850 0.312 1 1.874 3 0.397 7 0.142 1 0.370 0 N R
40 0.5750 0.303 7 1.893 3 0.390 0 0.142 0 0.370 0
1 0.383 0 0.2710 1.413 0 0.3220 0.0256 0.078 0
2 0.385 3 0.273 6 1.408 0 0.3122 0.013 2 0.078 1 W, W5
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1 0.158 9 0.081 4 1.952 1 0.113 0 0.016 0 0.276 0
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40 0.143 5 0.075 2 1.908 2 0.094 6 0.014 5 0.3100
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40 2.0752 2.461 1 0.843 2 2.564 0 0.013 5 0.004 0
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Table 2 Comparison of recognition rate of two algorithms
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48

BT BR 27 ) WL ARBTG5 2 B (E RE AL
A BN G AR A R ] R BIRCR AN AR ) R
P T 5 B A BR A T L, AR
MATLAB #8471 e Z MR E , 455 & B IGA-ELM
A ELM SR 7E 0 i g R IR B EA5 3 148
15, F UGS UE T U0 e A PR 27 > LA 0 % 671 i 11 )
B RCPE, Rl B g e 7z S kA AR = A R 1 4
B SE AP, A — s ST (e, o] DA — 20
AW,

£ % 3Lk ( References) :

(1] BREPC, MRS &, 2. ARG H BRI RS R[] ].
HLI AR ,2009,33(2) : 1—7.

KANG Chong—qing, CHEN Qi—xin, XIA Qing. The
research prospect of low—carbon power technology[J].
Power Grid Technology, 2009,33(2) :1—7.

[2] HART G W. Nonintrusive appliance load monitoring[ J].
Proceeding of the IEEE, 1992,80(12) ;. 1870—1891.

(3] Z2eiB B8, Tmar, 4. WoRE e MK AR R
WEFELI]. i RGeS 45, 2009,37(17) :1—7.
LI Xing—tan, WEI Wei, WANG Yu-hong, et al.
Research on the development technology of strong smart
grid[ J]. Power System Protection and Control 2009, 37
(17) :1—7.

(4] HHA RS EEREE M ARME )] B RSEA
zh1k,2009,32(9) . 1—4.

XTIAO Shi-jie. Thinking on constructing China’ s smart
erid technology[ J]. Automation of Power System,2009,
32(9) . 1—4.

[5] BK5S,NNF ks, BT A Lg Mg pIER A

Ja BT ST U Tk [ 7] VR B TR 2 B2 4l ( A 48
BFEM) ,2019,15(3) :236—240.
GENG He-nan, LIU Li, PANG Xin—fu. Non-invasive
residential load identification method based on artificial
neural network [ J]. Journal of Shenyang Institute of
Engineering ( Natural Science Edition), 2019, 15 (3):
236—240.

(6] ZKdh. AERAE H AATIRBIFFE[ D] AT #7 L

7



24 KL F ETRARRE I RAR AR R 29

Tl K2#,2020. based on big data[ D]. Jinan; University of Jinan, 2018.

LI Yong—qing. Research on non-invasive power load [9] k= AERAXGA B RED L[ D] )M &K

identification[ D]. Hangzhou: Zhejiang University of Tolk K2#,2019.

Technology , 2020. JING Yong-zhen. Research and development of non-
[7] SUN W,WANG C. Factor analysis and forecasting of CO, intrusive load identification system[ D]. Guangzhou:

emissions in Hebei , using extreme learning machine based Guangdong University of Technology, 2019.

on particle swarm optimization[ J]. Journal of Cleaner [10] R, D3k Bigai, %5, 3T IGA-ELM R 45 (17 sl il

Production,2017,162:1095—1101. HREIZ I )] . U2S 24 4R ,2018,39(9) :233—244.
[8] Fefk BT REIEMARBR ARG FFR [ D]. BF PI Jun, MA Sheng, HE Jia—cheng, et al. Rolling

A - B R K24, 2018. bearing fault diagnosis based on IGE-ELM network[ J].

QIAO Jia. Research on non-intrusive load decomposition Acta Aeronautica Sinica, 2018, 39(9) ; 233—244.

Non-invasive Load ldentification Based on Optimized
Extreme Learning Machine

YOU Yi, LIANG Zhe

(School of Electrical and Information Engineering, Anhui University of Science and

Technology, Anhui Huainan 232000, China)

Abstract; In the non-invasive load identification algorithm of extreme learning machine, the input weight and
hidden layer threshold are generated randomly, which leads to misjudgment. An improved genetic algorithm is
proposed to optimize the extreme learning machine. The selection operator in genetic algorithm is improved by
solving the fitness value of each individual and completing the sorting in the order from small to large, dividing the
sorted population into four parts, selecting the best from these four parts to form a new population according to the
proportion, and selecting operators with greater fitness from this new population. The optimized weights and
thresholds are obtained by hill-climbing method, and the optimized extreme learning machine network is constructed
to identify the load. Through a large number of simulations on MATLAB, the simulation test results show that the
accuracy of load identification is improved by about 7. 41% compared with the results of non optimization algorithm,
presenting better classification performance and verifying the effectiveness of the algorithm for load identification.

Key words: non-invasion; load identification; extreme learning machine; genetic algorithm
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