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e — oy 2 ) R i 45 R R IE R AN 26
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negative , TN ) , K 67 2 FUI y 17 45 £ B (false
negative , FN) 5 1E 28 FU 4y £ 2840
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= 6
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3.2 HiEaE

(1) Bttt

R FH B8 K -/ N HE A 7 ¥ 6T 3 1) 70 e 45 4
HEATERAME AR e, B B KN R AE[ 0, 1] X)X
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MHSHAS  SHEFEREERL € 5AXHIE
RERKA, BUETLE N [0,1], FIHE[E]F A 0. 05, X
FEE R INER 2 s

TR B4 A BR-SVM  ML-KNN 5 BP-ML 317
ko SERUE XTI G 2 247 S r U, 5P
WrigtnIt 2T BT, N3k 3 B

*2 DTLEARESHEEHMHIITLER x3 BEMSRZIRIER

28 #E miir BibE Macro-F1 Micro-F1 R Macro-F1 Micro-F1
0 105 0.80506  0.86802 DC-ResNet 0.91721 0.96241
1 100 0.95 0.9 0.80597  0.86829 ResNet 0.89209 0. 94606
o) 90 0.6 1 0.81065  0.87202 BP-ML 0.82147 0.88166
3 80 1 0.95  0.82147  0.88166 BR-SVM 0. 84675 0.90472
4 70 0.85 0.8 0.79801  0.85953 ML-KNN 0. 83463 0.89481
5 60 0.9 0.95  0.79060  0.85287
6 50 0.65 0.75  0.77540  0.83883

M2 FLE R FEIGR B DTL BT %5 45
BTN AR SR Ao 38 G IR B B, W] LA
BARBERZ R A RRE, A B T T 24026
FRBITAIRE ST, [F]  FRARRRAE 4 B . (ELJR A AL 1Y
WS INZE 4 20T, 2503 M UIOR 1R T 1%,
UL R S R EE P R A M EREEEE
Ko SLHGFRIIXEF A b ) £ A B, 3 2 DTL
BT [ PR IBUBUR AR X BAT , R4 J5 1Y) 80 HERFAE SR
W5 T JE 2 M 45 1 43 2R 5

(2) Zhr%& f il g

W R T 1) BT B0 AR BURRAE B, 43 ) A
DC-ResNet 5 ResNet #1725, ] 44 B 4 5 19 171

M 3 Hra] LLE ), A SO SRR P8 AR
BT H Ah A AL Macro-F1 5 Micro-F1 43 %43 5~
0.91721F010. 96241 , 1= F 43 BK Z I#) ResNet £ 2%
4 AR B TRABORIL SR,

M 4 AT DIE H, A SOTEX T B &1
PEUT R bRt A 5 T AR A, X T B TR 1 10 28
$iZs 8, H Macro-F1 55 Micro-F1 4334 % T70. 86012
F10.89363, XGHE A DC-ResNet AH H F 538 i 1Y
ResNet HA BEAF R FIR . BT DC-ResNet 7] D)
PRI ] RUBE b M RRE AR S, , Rt 5 B PPAN F6 5
B 5 T A FH B A AR AE Y BR-SVM  ML-KNN 5
BP-ML, 4 7] J2& % T A8 45 25 98] 33 ot 47 f AR A0 A7 72 S
IIPERA A o ] 6 S 3 Bl 28 I 4% 1 45 2R PRI AR

F4 BREWMSEIAFNER

DC-ResNet ResNet BP-ML BR-SVM ML-KNN

St Macro-F1 Micro-F1 =~ Macro-F1 Micro-F1 =~ Macro-F1 Micro-F1 =~ Macro-F1 Micro-F1 =~ Macro-F1 Micro-F1
F XU 0.96317 0.96800  0.92544 0.93446  0.85373 0.86753  0.82827 0.84987  0.82381 0.83623
TR 0.94859 0.96811  0.93143 0.93720 0.86607 0.91325  0.85927 0.91748  0.85035 0.91497
#Hok 0.94876 0.96496  0.92937 0.94229 0.86646 0.91415 0.78715 0.86341  0.77603 0.84033
FRT 0.94515 0.97156  0.87822 0.95732  0.82783 0.95211  0.79435 0.92830 0.79122 0.92710
TREAT 0.88744 0.81947 0.82114 0.88376  0.83354 0.85852  0.86225 0.80898 0.80714 0.80461
KL 0.88920 0.94893  0.83015 0.90235 0.85598 0.86878 0.85892 0.86940 0.84170 0.85775
F, XL 0.93166 0.95777  0.85388 0.94212 0.83153 0.91676  0.84246 0.87716  0.84173 0.85552
L AAIL 0.94286 0.96884  0.95337 0.98250 0.89885 0.95283  0.83570 0.96548 0.82790 0.95910
Agias i 0.86012  0.89363  0.83025 0.85384  0.81593 0.81520 0.76358 0.77635  0.76024 0.76422
FTERHL 0.91970 0.93663  0.88742 0.94729  0.88857 0.93865 0.83784 0.87557 0.81370 0.86151
ZEICARH N 0.89005 0.97737  0.88796 0.96831  0.86608 0.94443  0.84402 0.95492  0.78849 0.93800
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Non-intrusive multi-label load identification method
based on DTL and DC-ResNet

Pan Guobin, Wang Zhentao, Ouyang Jing, Wang Jie, Gao Yadong, Yin Kang
(Key Laboratory of E&M, Ministry of Education & Zhejiang Province,
Zhejiang University of Technology, Hangzhou 310014 )
Abstract

Aiming at the difficulty of manual feature mining in current load recognition and to further heighten the identi-
fication accuracy, a double channel-deep residual neural network ( DC-ResNet) and deep transform learning
(DTL) based recognition method is proposed in this paper. Firstly, the improved DTL is used to automatically ex-
tract effective load features from the original load data, and the feature dimension can be reduced. Then, DC-Res-
Net takes load data as input by constructing a continuous feature map of time sliding window, and uses the convolu-
tion kernel to automatically extract effective timing features. One channel of DC-ResNet is used to extract features
of large categories to predict the switching state of the device, and the other channel is used to extract the features
of small categories to predict the operating mode of the device. The outputs of the two channels are integrated to ob-
tain the final result of multi-label recognition. Experimental results show that the load data processed by DTL is eas-
ier to identify, and DC-ResNet has better results and shorter training time in overall and individual load recognition
compared to the others.

Key words: double channel-deep residual neural network ( DC-ResNet), deep transform learning ( DTL) ,

non-intrusive load identification, multi-label classification
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