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Non-intrusive load identification method based on multiple V-1 trajectory fusion
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(1. Internet School, Anhui University, Hefei 230039, China; 2. School of Electronic and Information Engineering,
Anhui University, Hefei 230601, China)

Abstract: In the field of load identification, it is difficult to effectively distinguish loads with similar trajectories using a
single load feature. To address this issue, a non-intrusive load identification method based on multiple V-1
(voltage-current) trajectory fusion is proposed. This method first preprocesses high-frequency sampling data to extract the

fundamental voltage (/]), fundamental current (/, ), and maximum harmonic current (/. ). Subsequently, the

fundamental voltage is combined with the fundamental current and maximum harmonic current to construct V-/|

trajectories and V;-I,

neural network (2DCNN) for load classification. Validation using the public PLAID and WHITED datasets shows that the
proposed load identification method achieves accuracies of 99.66% and 99.81%, respectively. These results indicate that
the proposed method not only enriches the information used for classification but also significantly improves load
identification accuracy, demonstrating its practical application value in power monitoring and load management.

This work is supported by the National Natural Science Foundation of China (No. 6227020935).
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trajectories. Finally, these two trajectory features are input into a two-dimensional convolutional

trajectory; convolutional
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Table 1 Parameters of neural network
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B i 5 oAb SCERp Se it kit AT e . e
BR[ 15148 FH 19 57 Aur R AIE A2 KBS V-1 5R2R s 87
2D-CNN W FEAT 7325, SCHk[16)52H 72T
V-1 HJL325 R R AR o O S % P R A Rk 1 977 R
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77925, A8 FH A2 2D-CNN 5 o 25 R T8, SCHR[26]
KH RGB Zitagatd rikab s v-1 #ik, 148 H
AlexNet FAYFEAT TR . SCHR[17]7E SCHR[16]1
Fenth BAEH VoI PUBRHIE R B gm i, 18 ] AlexNet
WG IEAT IR RN 53 25 o AR T SCHR[16-17 K 18 i e
FEINTE V-1 B A I, SCHER[ 1S TRF U RFAIE LA g i
IR RN V-1 g, H4dFH 2D-CNN AL A
Fr AT INGRANIAR . % Far R0 75 55 v 2 R T
bhgh sk 3 fion . TERFIEIEEC T, ASCHEEE
PRI 0l H T 5 3 I L A 42 R ) -, U RS R A
R FL A PO U B A AR R ) B K T I L S A
W HREHIN V-1, I EUGAE R S R AE « AN [H]

h max

T H A SCHRRE 1 PR INAE S V-1 510 ) A 0 B

BRI BN VoL ik, ARSI EAN
IR T BB IR IR E T AR E. fEr2K
PR BE 7 TR, 396 SCHR[15-16,18]18 A ) 2D-CNN
IR ZER, FF HAHLG T SCHR[17,26]f8 Y AlexNet
B, ARSI EGERER, AR ERIX

&1 AlexNet BEAURIEAT i 02K . RIUILEE &R
AEHR BRI 23 AR RV J7 THI Y sdt, AR STV 432
ROREAR T HAth 5 )57k, 7€ PLAID $didk I,
AT FEA LT HoAl 5 Fh A IR A 0%, R HE
RS HIRE T 14.06% 6.46% 4.6%. 4.16%F
2.66%; {E WHITED $(#li4E [, A3 7EM LT H
Aty 79 Folr A7 ey IR B B, R A UER R o Al T
8.81%F1 2.05%.

R 3 AXFESUERENLE

Table 3 Comparison between the proposed method and existing methods

22K U RHE jlER il PLAID 4 S5 R HEH /% WHITED %8s 4 BRI /%
[15] VI 2D-CNN 85.00 91.00
[16] V-1 + VEBHIR 2D-CNN 93.20 —
[26] B v-1 AlexNet 95.06 97.76
[17] RAEFaEG AlexNet 95.50 —
[18] FAB V-1 + WEPRE 2D-CNN 97.00 —
A3 Viedy + Vi 2D-CNN 99.66 99.81
4 b EIRIEHHRITIET]. B RGOS S, 2024, 52(4):

B of A7 A R AN ASFH 22 i R s 5 3 FELVAUTEZ ik
(9 V-1, B EAE IS A T B S EA V2 R 2R
o B B XE A R I8, ASCHR T — A
T2 V-1 USRS AR A AT R T . fEFE
WS 5 R R IR B V-1 B2 R R A L
VNN T FE R R S RIS IR Y, L L U R,
FFAEH] 2D-CNN P28 sBl i i), SRA PLAID
A WHITED 1A e A e 2 36 IEAS S5 » MR T
G T7%, BN T HE O I e R I R IR 2 Y
Vil o LR, BEREHE KA RIS 2 8] V-1, B
IR ZE S, JEHAE TIEBIRIER, "L
AT ORI . 5 H AT HAd L ver Pkt
ITRBTTIEAR L, ASCHR I IEM B 1K
FZ, UERN T AT et .
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