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Abstract: Non-intrusive residential load disaggregation is of
great significance for mining the energy demand on the user side.
However, the current power decomposition model does not con-
verge well and the inference cycle is computationally intensive. A
non-intrusive load decomposition model based on sequence-to-sub-
sequence and subtask gated networks (SGN)is investigated in the
paper. Firstly, a sequence-to-subsequence approach is used to con-
struct a sub-task gating network, combining a power decomposition
regression task with an appliance state classification task to
achieve a mapping from the main power sequence to the target ap-
pliance sub-series. Then a channel attention module and a spatial
attention module are added to improve the feature extraction capa-
bility of the model. Experimental results based on the UK-dale da-
taset show that the method not only reduces the difficulty of conver-
gence of the model and the computational effort of the inference cy-
cle, but also significantly improves the accuracy of the decomposi-
tion.

Key words: non-intrusive load disaggregation; SGN ; spatial
attention ; channel attention

i}

0 5l

42 A A o W47 R (non-intrusive load mon-
itoring, NILM ) 48 i i< 76 FH P aF 70 s 2 A 15 8 4% JeK
i RIE R A B R E RS2 B iR
F, e 1 071 iy P DL S B A K, AR T T P 5 B
RIGEUE, 15 2 e, [R5 Bl e g 2 w0 v i A
WL AR IR R

NILM e 7 1 R 3 TAH AU iR R BOR
KB NPT et R 2 4 3 BOM K] 55 7 1k
HATARR AT o i e (R A T 7
A — Ik 20 5k ST AT T3 0 i, AN P A A R TR
YABAL, o 3 SR X e 5 S R, R X e b it
FLAs IR P o e o DL, G RO IR ANIE A
TR 5

Bl 5T TR MLAR - > I P & A e NTLM
[ R ) S B R AR, i K324 S 4 ) L R SRR

Y 7E B H#A:2022-10-08; &5 H#A: 2022-12-10
EE&WH : EZEE AT H (2020YFB0905900)

G RARTY . TR A T IR A2 2] Y
Bf 1), £ 5 o 2 MR, $2 1 T — kot 1 K-de s 48
SR BTN TS [R5 2 ) 1 B 1 e
{HJ2  BLER 27 20 O 38 1R 2 W 45 A /NIL 4K
I, Bl FL 2 5 25 B A S B B i, X 2 Ty e 4
W F| 0] P L, B AR A PERE

2015 AETF UG , TR 27 2T Bk o7 FH 3] NTLM 451
W, SCER10 ] U 3E 177 51 21 7 5 R 28 ) 2%
SR AR, I W B B O D TR 5 S I 2k )
FB, 2qa A P 3 U e 2 R 4 R A e [ B i e
TEH AT Z R 8 2 )20 17 g, BeAs 1 etk
MR . MG TR 2223 3 1 )% 51 2 7 91 3E 1 7 ok
HET SR (15 18 T — B L AR L i
iR 2 AcE B AR PR B S544 , PEREL T HiAth P
GVE P HNEIRL SR, 5 AR 7 51 9 R AR
Kb, I 810 21 91 2 > A 11 253 e LA AL 85
BEXT IOMERS , SCHRL 16 182 4 T 7 81 B S B R 76 f
AT B Fil 0 7 0 v ol 22 el R A7 g e 1
5T RS T R BTN 22 Uk, DT - T 3 2% 1 )
L, TEDLHERE I AR AT T 2% S50 A AR

Vol.25,No.1 Jan.,2023 POWER DSM | 5




FHEE,F ETRHTES TERENERNER T2 #

A0 Sk [20 ] ) FH I el 35 AR R0 28 11 2 1 g Ay
f A A I FH IS PR Gelu 1R R4 50 1Y 105 PR AL
Relu, f3088 & T/ fAG RE  (HU2 )88 3500k
B IE W) R H A A S PR HE T
H5IA T KRZMIHHER ., CERI21 AU T 51305
IR B T N e SRR L e s R B S A
Ik Wb, HRTEAR R A SR o3 il 8 1 HA
TSR BT P 2145 L, 4 NILM [R)E SCA 1A
55 SCER[22 128 T 4B a7 81 D) 23245 SR OGIR
BERMTEE AT 25 R 8 T+
1F 5517195 M 2% (subtask gated networks, SGN) , [R] i}
A7 AR 55 A3 264155 ARG & A e . (R
XIS b ) [ A5 2E R 28 2 5T e 81 2 P40
125, AP ] 4 RS s A AR AL S PRI X

FEXTLA LR, SCh g i T TR B 8
I SGN YRR A ST S AR, - 2%3:07E SGN AY P
A3 S 2% T S N 3 8] 0 RN e T T R R
Peo ALEBEMRNEIT

(1) SRFF AN S5 51 J7 1AL g I 25 A A, 51
PLHIR 32751 3 B bR A7 91 Hh TR R o ) ke
ST U0/ SIS S ) PRI B AN B R I ) 133

(2) T ZAT55 2 >0 0 AR Aa g [l ) ) 2%
oM R B AR g OGRS 73 AT 55
RISl A 55 i 158 2, B R DR o A B

(3) TERNEFMIZEF 2T I P IR
IS [ L] IR AT AL BRI E
FRUZ 4 L X 4530 T PP , ek M i 7 8 e
RIPRHIE DB RRES 2T o A P HA F S M T3

1 ARRA SR o AR

1.1 ERANBEOERER

B2 A B 7 43 fif 46 78 FBE L ) A T b 22 e 4%
TR R A R B L SRS R AT A0 A L A5 B A
P TS 45 0 P R R DA LB

SCH AR T R R AR B B DR . i
Y () A ¢ W20 — SRR Y S LR, X () My ¢ sh )
B 1 IR SRR, W o] SR an

Y:iY(z)+a (1)

Y1) = iXi(z) ‘e, (2)
Ao T AR REAE IRV B m A R EE TP
SN H 25 B BB e S EE N 0 22 h o
i F18) e S Mg s PR, BRI SRy S HR A e ORI 38 ) L
BT R AEAR AU far 20 AT 55 DU 2 AR

6 | BAERMEE

F25%% 14 2023417

i Y() FE] X (1) o
1.2 RFIRFFIAE

TR BE 2% 20 78 NILM AT 55 H (%) 1o FH s A 57, 3 L R
FEBOR R 28 LA R B 5E R o TR 8 20751 7
VIS LA B B K BE W = A VR K S 3 A )
K AL RIRAY vy = Xpewon o T
FE 1507 B R 20 e T U W% 32 el YR 5 Bk
SR ZE b R R, REN

Viwry X,y o FESVRIFIRAT AL 1)

PRI 7466 KA BT LI W 0 IR
WA /N 11 W, 1913 B St W, 2 W
R

JP A BT 50 J5 70 D G s R T T
FIE| Tt AR 2 i AR SRR AL,
Gb, R T sl T A PR R T G 2k R SR
SN SCRAER A BT RS B L s (E]

BRI SRS I D G
bt
1.3 BEFENEZTEHEERES

N SCHR [23 ] 42 Hh Y 4 AR P T 2 A5 e iz ) )
NILM E:55 Hr, AT $& m BB A RRIE IR R ) . 40
A AR D F o, B R R B S i =X
(3)AFBNAERE 1 BB B M, AR X (4)
B i g M, E RS

F'=M(F)®F (3)
F'=M(F)® F' (4)
b @ AP NRHIER S BT R AR ; F7 il i T
FAIEFE S5 AFE EARSAS B A RRIEWSS s P hZeid
23 [ AR B B AR LR
1.3.1 BHEEZ

300 A PP B 7 D1 T8 2 [A) Fr g e
A — DB RIS BT DL — A Rk T8
18, R R SR A T RO A A
Ak, A BE B RAE Fr, FERHERE £, SR
) 2 2 BH1ES (multi-layer perceptron, MLP) Fll—
A W2 4 B A L 2 8 A AR B Hh 2
AR, S 2l sigmoid PREGRASE TE 3 B AFIE
B M, e R S5 IEINIET 1 R, Had fe ik n i

M (F)= U(M,,,,(Pool(F)) + M,‘,,(MaxPool(F)))

- U(WI(WO(F;; )+ WI(WO(F;;M)))
A o N sigmoid BREL; W, . W, MALES %L,
Wy RO, WoeR 7 5 W, o2 R 2 0 b
MaxPool 1t K AL PREL

(5)



R

SESET— ¢ o EEER
= fil B N HEA

qii’azﬂz ’MLI;
Bl BEFEEER
Fig. 1 Channel attention module
1.32 ®EEE N
23 AR T R R E R R, SR )
AR WAR(O) PR BB AR AR A
BRI P A R E A TR ARG,
BIARE] F e R R F, e R™™™ SR 2 il
— AT YRR A ISR 7 x T RIRREIR A T
ERFEI S AR — B0 —AERFEBUS , 52
5 sigmoid pREWGRTS 25 [A] 7 BAFE K] M e R
23 [ TGS E N 2 R o B Rs A
M(F)= 0'(f7X7(Ang00l(F);MaxPool(F)))

(6)
= O-(f7x7(F:vg’F;m))
s AvgPool A T334k pREL
4
[ S ———
= L 71
S TE RO "o A ‘
AMEARHE Rt Pt BHE Z )R
FEE]

B2 ZEFEENER

Fig. 2 Spatial attention module

2 BTk SON HYARFR A G faf 7 AR 1Y

2.1 HERIEE{RLEH

SCHURE ELAR TR SCRASAE N T T AL, S s m
IS AR A AT DL 3 T 130 28 kA 7
23] I H 5 3 A AT 45 45 A 2 R A 78 (1 F 2
iy o FEBRLAN E] 3 s .

Yory: @emsr-1)

kS

o

Fhonel¥) [. ® ;} -@L—g'.,__.; .J Fi)

)
3 ETFFEIFFFIFSCN MEKLEHE

Fig.3 Schematic based on sequnce-to-subsequnce and SGN
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Table 1 Comparison of metrics of three construction
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Table 2 Comparison of model disaggregation results
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