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Fig.1 The process of constructing fusion features
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Fig.2 Fusion process of color image
SCHR TS ML B G A =S EER G, i
G BB T 5 14 D) B e B T A T B
(22 5, B AN ) B AR AR5 R BEAT ey, AT RLBR AR B



131 ZERISC A ST V-1 LB AR AR U

—FHIEAR BN, U V-1 B {5 B E O 1 ]
R FAFAEAS S A AR

2 BREHAEPHAEE

1% 55 1) B0 af R Ry T B G R AE 11 2% )
AEJ1, ANWr KB RIR, SEUE R YR
FERH A M, SO il 3 A HDC Al DSC 4 3
AL fA R PR Y DSHDNet, 76 A5 2 BHR R
SR FERN -, 7T LU R0/ M R
21 HDC

SMERSERERNARFZAETLEIAT
Pk — S, WK 3 R, O
PR ) A7 B

Ol 0] 10
00O
[@)e)[e) Ol 0] |0
[@)e)[e)
Ol 0] 10
(a) 7 HkFE N1 (b) F 5k N2

B3 AREFKETERZNEZE
Fig.3 Receptive fields of convolution kernel
with different expansion rates

2 3 2 RS £ M3 5 BB 1 P 9 A ST R
TR A 3R 2 5 A U R K, V1
e

> &

K}, = d(Kge—1)+1 (14)

K Ko WEIRBEBRZ I RST; do iR

MR RIUE R 1B, B RS 5 R G5
BUARIF o XF T RSFR 3x3 BB B, 1P Tk R HL
B 2 BF, RS R 5 5xS IR HIE, B
BRI Z B 3510 25 MR E AP, I 9 MR R
NS H5aH . EAHFZESEN SR, H8nf
B Y T R, T (AR AR A S BRAE T

XF T [F]— AN ARHAE, SR 24 2 A5k
A 23 I A AT b BRI, 23 5 oL R e 2 B
AT, 8 FH A R 9 ik et 25 T 80U A RFAE 1Y SR AR
i B, 3 LK B AT I &K . LT kg, sorp
KPR HI 1, 2, 3 ERZ, 418 HDC
B,
2.2 DSC

DSC A 43 R4 B G BRI SCIR BT, 43 B B B
A BRI BT A 8 B A7 8, IR — T B s
B m RS BN 4l 43 B 6 UG 3 9 OR
Ix1 R/ANB BRI, X0 Br A 38 18 A IF R4 T 46 R

Y, tnlE 4 B

_______________

______________________

B4 DSC &#4
Fig.4 Structure of DSC
B E A B AN 58 53300 kg L R W, i G R
h A, EEECR B, BRI RS HxH, 155
GBI DSC 1A AR
C., = H*ABLW (15)
Cur = H*ALW + ABLW (16)
Krh: Cyp AFIE LRGN Cuw N
fEZs 3t DSC Wit
G A TR EE W] 4y B B AR TR LU
Con 1 1
C., B i
MAADF LA 1, 2R HB &R RS R
3x3 ., K A IERCK 8 I, DSC By AR ML S 5
) 1/4 7247 . DSC #AERAL S BRI E T BT
o RS AN R RS 1948 BRAZ A T Ab B, AT AR
R, PR AL T TR
2.3 DSHDNet #8254y
SCHAE V-1 00 5 2 sk UG it A7 ) FeL G R
Wk B D R EAEHE AT RS, T R R . ZEBR (B2
[ H, SCHRAIEAAAE 3 A8 o B R IE AT A2
R I FH A AR 2 DS ()8 38 R AE R T 3R S
filG . SChiR R HHRAAI A & 5 R

(17)

__________________

5 DSHDNet 18512244
Fig.5 Architecture of DSHDNet
PR S E R TG R g R oA
Xof g — > T R AR EAT R AR BRI HE A R R
B R E S A B ROR G IR b AT R G R R
IR A RRIE AR B A A BB A AR A Y 5k 21 4y 8
FRALGCARAE TR R, F A 1] 9 Jsz B 0 AR A 7 1
WO s e Jm, R IR B R AR AR BT T, OF
i A3 4 % 32 )2 (fully connected layer, FC) Fp g 47



& AH) ALK 132

Iy, SRR AR RS G AT A B
3 BBl

31 XBHESIWEE

PLAID J2& NILM Ui F iy 22 3 8dla 48, frdd
BB A A Hh [R) 28 22 S AR, B[R] Fiise 4 22 1] /Y
FROE BABRZE 5, XA R TR THEAR Z L,
UF M I R, S8 AR A RS P o B8 4 P %
P BEACR BN R Ry 30 kHzo % S8 3] 52 bR FH B A 85
SCRIEREDOLAT . UKAE . OB, 250 il A
G B AN L AT XU L IR | BEAK
BLAE 11 Fl AN W] 26 B0 19 52062 37 56 o UL A T L i
#, AT 1 744 A SR LR | HL IR I o

HT T 0 28 I R A B0 2 1 B A b o 2] 31
AR TR AT, BRI TR
Wik, DR IHG SC v o il o e T A D B R AR
ﬂi[SZJ(synthetic minority oversampling technique,
SMOTE) ¥ Borderline-SMOTE"*'J5 i A i 7 RE AR
FEMG BRI AR, SN B]EOR R REA R b, H
H, ARG RAEA K 520 246, —3A47 2 706
AFEAS A AT AS Bl T LA A 4 4 2 >
AN ] B 2 Y 45 2L, 32 o AR B A AR E M AN
{718

SCHR TR S R AL AN : AR TR S P
“h Python 3.6.5, TR Ji 2% ] HE 425 PyTorch 1.10.2,
B IC B 4% &0 40 T2 CPU R H Intel(R) Core(TM)
i5-8300H CPU @ 2.30 GHz, FHL7HU7f##% (random
access memory, RAM) A 16 GB, & & 4k B 2% (gra-
phics processing unit, GPU) % H] NVIDIA GeForce
GTX 1050 Ti (Y ZEICA HLR
32 FMiEtR

R Xof SR 5 AR A T A UL PR, SC P s R
ORRAE S R I 3 DB OTESCR, 45
K i $8presion L B ER e M FL 23 8 ey, BARS
LU

5TP
resion — 18
& Orp + Orp (18)
5TP
recall — 19
Freal Orp + Opn (19)
1 1 1 1
—_—=— ( + ) (20)
EFl 2 8presi0n Erecall

s S PRIV IE | BN N IE 2R AR 5 Oy 9 55
PRoAIE . TN A 63 6 A RO 5 S R SEBR N B, T
N IEZEH R

X — R S5 o ) TSR X R A R AR R, )
o A RT3

3.3 HEEMBFEMSEHIZE
SCH DA S 1 L SR AR A Sy A 2 B AL
I 50 SREAS, TE BB 550 it 4E, A
B 1L SR AR B A LA AR R I R E AT U
PR RSB E R 1 R,
F1 EEBSY

Table 1 Hyperparameters of the model
Bidesafr  JRER BRBRST §rokoR Mg A3 BE R
S ERI 3x3 1
HDC-DSC1 ‘ ReLU
FARERL 1x1
NEER2  3x3 2
HDC-DSC2 ‘ ReLU
FARER2 1x1
NEER3 3x3 3
HDC-DSC3 - ReLU
FREBR3 1x1
FC1 200 ReLU
AR FC2 100 ReLU
FC3 11 Softmax

FB7 Ik B E BRA, RS — FC 5 T
Jin Dropout |2, (5% & K 0.15, iz )5 i# i Softmax
Fr o 2R EE A . SO R R R PR B H A S
2 PR %L (cross entropy loss, CEL); >k Adam i1k ]
WS, Horp 22 2] %58 0.003, 3 B I ZRIRECR 500,

TR AR 9 23 B0 38 DR /N2 4 5 i) e 24 1)
PR RE o & 0 PEead /N, FRAE A5 BN A2 808, 15
EE X, RPN R T, BEE PR
(e T, EMGARRE 28 & (5 B 42, FRAE i 207
{5 BTN b, DI B T HER HE R . SR, 4B
R SRR DG, S PR R, O e
PR, A5 W 28 AR R RRAR . AS [F] Z3 R A UG Ry
TEFERACR A 6 frR . HIE 6 AIALL 450 HER %
BN 48x48 I}, I (YN SR AE I A A, (H B R HEA
AR o HE R E R 80%80 i, ALY A B I ME
B R A e, AN GRAR I s T Y 23 B ik Oy
64x64 I}, AT I ZRAE I FOAERR R 7 T 25 &
A, B 7 o T AP AR Ao 95 20 R £ Rl
GHFIE
34 ETAEHFERNPHRMRS

Ryt — 25 B IR Al A R R A ROPE, SO A
DI, JCUI L . R A T8 R BE V-1 Bk AR
JEV-ILE I 5 e kAT e A R
GAF J5 B — AEE R R iR e 4 ol MR A, X T4
—FREAE X5 2R FH S T Y R A AL R R R AT )
25, HARBHRROR SR 2 s,

AHEE T H AR, A7 D r I . TG T r I R
TR AIE BORS Bff S5 A [] SR 35 B S 41K, Ui T



133 ZERISC A ST V-1 LB AR AR U

10 903 0.953 0.956 379.3627 400
09} 346.790 1350
08} 312209
1300
0.7}
1250
0.6}
ﬁ 2
R 05} 1200 %_é
(S5
04} Liso
03}
1100
02}
0.1} 150
48x43 64x64 80x80
F13 80w i

B 6 AESHHEEGRHERNIRAZR

Fig.6 The recognition effect of image features
with different resolutions
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Non-intrusive load identification method based on improved V-I trajectory

LI Jianwen, MEI Fei, ZHANG Xiaoguang, FENG Tongtong, LI Xin
(School of Electrical and Power Engineering, Hohai University, Nanjing 211100, China)

Abstract: Aiming at the problems of insufficient mining of load characteristic information and large scale of identification

model in current non-intrusive load identification methods, a non-intrusive load identification method based on improved V-1

trajectory is proposed. Firstly, the active current, instantaneous power, and V-I; trajectory are fused into new load features by

using the Gramian angular field (GAF) and color encoding techniques. Then, the convolutional neural network (CNN) model

framework is optimized through the depthwise separable convolution (DSC) module and the hybrid dilated convolution (HDC)

module to construct a lightweight load identification model. Finally, experiments are conducted using public datasets for

analysis. The results show that the F1 score of the proposed method is 0.953, which can further improve the identification

accuracy of electrical loads while reducing the occupation of software and hardware resources.

Keywords: non-intrusive load monitoring; color coding; multi-feature fusion; V-I; trajectory; lightweight model; Gramian

angular field (GAF)
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