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Table 1 Active and reactive power
of various family loads

FHAWA  AYIR/W YY) var

259 705.5 110.70
FREAT 23.9 -17.70
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w1 XU 28.8 -11.90
R 721.3 -49.60
Jn#AEE 715.2 -53.40
HBUT 64.6 -10.70
ESREN 26.0 -10.10
WA 728.6 87.40
Wb 4% 149.6 9.65
VEAHL 427.7 366.30

AR ) 2 2% B2, AE R A 3R U 3 7 il
Zofg V-1 Ul BB R AR R A 2 9L
IAARIY 22 [ V-T PUBFERE IR, wl WAR R A5 2 b
FHRLARE V-1 BUE R LP 58 22— 50 S P I IE
AR TR IIMERE o

SCH MBI 3475 T 2 Fh ST AT T IR



& AH) ALK 36

(a) hn#hds

2 2FhRARRE V- LT ER
Fig.2 V-I trajectory matrix of two family loads
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Fig.3 Amplitude histogram of harmonics of
current of two family loads
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Fig.5 Phase histogram of odd-order harmonics
of current of two family electrical appliances
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Table 2 Specific structures of CNN
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Table 3 Sample distribution of training set and testing
set of different types of family electrical appliances
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1 251 208 208 156 52
2 FREAT 220 220 165 55
3 HLUKAR 90 270 202 68
4 FH U 210 210 157 53
5 e KL 248 248 186 62
6 g 85 255 191 64
7 FIBUT 148 296 222 74
8  ZEidAHM 207 207 155 52
9 W 229 229 171 58
10 et 73 219 164 55
11 VEAR AL 75 225 168 57
Mt 1793 2 587 1937 650
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Table 4 Confusion matrix of test data

- BRIES

4 5 6 7 8 9 10 11

1 43 0 9 0 0O O O O O 0 O
2 0 30 0 0O O O 2 0 0 O
3 0 0 50 3 0 0 0 O 0 0 O
4 0 0 1 63 1 0 3 0 0 0 0
5 0 0 0 0 59 0 3 0 0 0 O
6 0 0 0 0 0 64 O O O O O
7 0 0 0 0 5 4 65 0 0 0 O
8 o 0 0 0 O O O 52 0 0 O
9 0 0 0 0 0 O O 0 5 2 0
10 o 0 0 0 O O O O 1 54 O
11 o o0 o0 o0 O O O 10 O 0 4
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Table 5 Comparison of the accuracy
of three identification methods %
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O 00 N A W R WND =
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Non-intrusive load identification method based on V-I

trajectory and high-order harmonic feature
QIU Xing', YIN Shihong', ZHANG Zhihan', XIE Zhiwei', JIANG Minfeng', ZHENG Jianyong’
(1. Shenzhen Power Supply Co.,Ltd.,Shenzhen 518048, China;
2. School of Electrical Engineering, Southeast University , Nanjing 210096, China)

Abstract:To address the problem that traditional methods cannot accurately identify household loads containing high-order

harmonics, a non-intrusive load identification method based on the fusion of multiple features containing V-I trajectory matrix,

power and high-order harmonics is proposed. Firstly, the V-I trajectory matrix, power characteristics and harmonic

characteristics of 11 kinds of family load are analyzed. Secondly a hybrid feature matrix construction method based on pixel

image conversion is proposed. The power and high-order harmonic characteristics of the load are combined with the basic V-I

pixel trajectory through binary coding conversion, which enriches the characteristic information of samples. Thirdly, the mixed

feature matrix is used as the input of the convolutional neural network to realize the accurate recognition of the household load

identification. In the calculation example,the algorithm proposed in this paper can accurately distinguish two loads of heaters

and hair dryers with similar power characteristics but different high-order harmonic content. It achieves an identification

accuracy rate of more than 93% for all types of household loads. This algorithm provides the technical support for accurately

investigating potential safety risk of household electrical loads containing high-order harmonics in engineering application.

Keywords : family load ; convolution neural network ; high-order harmonic ; deep learning; V-I trajectory ; fusion feature
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