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Abstract: To address the issues of data privacy protection and edge deployment in deep learning models for non-
intrusive load monitoring (NILM) , this paper proposes a lightweight load decomposition framework and method
based on federated learning and knowledge distillation. First, a hybrid convolutional neural network and Trans-
former (CNN-Transformer) architecture was designed. The CNN module efficiently extracted local temporal features
from load sequences, while the improved Transformer structure enhanced the modeling capability of long-term tem-
poral dependencies, thus improving the overall identification performance. Second, a model lightweight strategy
based on knowledge distillation was proposed. Through a designed knowledge transfer mechanism, the decision-
making capability of the large-parameter teacher model was effectively compressed into a lightweight student model,

achieving efficient model compression. Finally, a cloud-edge collaborative training architecture based on federated
learning and knowledge distillation was constructed. The federated averaging algorithm enabled efficient aggregation
of model parameters, allowing edge nodes to participate in model training without sharing raw data. The introduction

of the lightweight model as the global model significantly reduced communication overhead. Experimental results
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show that the proposed model outperforms existing methods on REDD and UK-DALE datasets. The lightweight strat-

egy maintains good accuracy while reducing model parameters by 90%. Compared to traditional federated learning,

the proposed framework reduces communication volume by approximately 85%, providing an effective solution for

NILM deployment in edge computing scenarios.

Keywords : non-invasive load monitoring (NILM) ; federated learning; knowledge distillation; lightweight ;

privacy protection

IEAEE , WA L R g m B Re Ay m TR A K
Ji& , e H B R A L A AR R R H 25
B P Ay 78 i g R It Y T R,
e R GG RS L) B AR T
F & B, ok BT 3 BT R S 0 B A b AR
BRI T A RIS BRI, 50 A R R T
PR R A A Bt I ke &, XAl =X
AN T RGETEFGES A, HPR ] T AR SR
Sy e e,

R4 A A fuf 43 f# (non-intrusive load monitor-
ing , NILM) 3 2 % FH P s v, g 6 i B9 40 B S R 2
AN LB A BB AT AR S B REAR R AED O NILM. 4
AN AT E I S5 i A B A AR S, S5 T I
A7 R A AR AR TR, ol £ 40 BT BB 85 TR A B A )
S, DA AAar PN | S G 00 AR SR e SR o B ARt
T ARG UER R SR AR ) R G g 43 AT YOG
FERR, NILM B2 A TC L DX O A R R s A /3
PRALIR SRR ILA , $ETHH ) RGESTTRCE A RE
EIACY. SIEG AN REORA L, NILM JC7 40
AT IR e 4, BT S35 R Bk 5 S PR AT,
fE55 NILM 532 FEEA N TR S A
DURCE: , FE AL PR AT e 6 A = it A e HE R 3,
AR, TREE 2 2 FORTE A Sl U R R, H:
5 R AR IS BAHERRE 1o NILM BRI &
JEFFR T B ARl ST IR I 1 NILM. 5
I AN 5 0 ST A3 AP RE 2 A 12 )
e . BT, SXTREE AT FE NILM S v H 2
TR T RIS, SCHR[ 12160 % piie i 46 NILM ik
TESA 7 RS B R SR BRI L 48t 17 8 A RO
#% (generative adversarial network , GAN) A% 2t i 7
Po, (HPERBEE AN B 3. SCHR[ 1338 248 H 4 71 7
A ) 2B R 40 — ARG, AR T T B
TEFRELRE I Az Ak PR RE. SCHR1478F U-Net 28455 5L
BIH—AL B A, R FEE T2 GAN HF513]
TPk, ST X% 22 ROBERRIE B9 A 850 3R, STk
(15142 T 3 F 2 iE mh A L 0 3, sl s s
[ RFAEBE = T AT (S AR H R R, SCRR[1614% V-1
BB RE S DS EARSS G, 3Tt T AT A .

R R AR T AR S A A AR Bl
TR AT 071 ar o0 ok B, {E XA AU A 1 AL 8 RN 4
s B RA PR 37 85 SE PR [n] 8 A WF T2 AR XS A 2. 7 S B L
A, FEFIRE2E2T ) NILM F AR T I P A S aE
6. T, R REE o S B B YIRS AR
g, HEE A S XA R AR P,
FARGR & T BARORAP A, X AEHE g n 4 =k
YR g AR iy S Lo 4k TR RS
B AARA R A A3 A s i 21 ok, MR
TR PR AT SRR L, TR P2 S BRI A R R 2= )
KEER S R SEORRL. XA RS LRI 5
NG TETH A RE T A7 2 R FIE (571 58 S5 TE A
BRI Z AAETEA TN , T R AE R A
REAYRTIE T SeBl s AL E B A o i).

BEFR 2 ST M —Fp oA L ag 2 > JE P,
AN GRS SHCRE W T s AR
TR P FER AL, AR NILM B B 0 B RA
[ T A RGRR. SCHR[21TITT T —Fh 212K B
VR F ST HERL , AR T NILM  ZEI IR~
> PR TR B AL PR AP 5 I R R e DAY 4 () . S
BR[22DK 3 LB HR4 2] 5 NILM MIZE &, SRR
BRI TIE R Sk, DASE s S B 2R B o i
[ A PR B P B B in 26 4. SR, B 19 NILM B¢
HB2p 2 ik F B FRAARIHLE 3T, B
JERTRUA B R TR0 UR 32 BRI il 1 25 B 38 8k
R, MELP AT FRAACR R AR AR R 5 TSR U R R
ZEAR. FPZEBRPORIRMAL T —Floks 52 e A Y
PR RE ST B BRI A ReRR Y, Afiok
NILM FAR H A3 2 50 2 ) R A 15 i) S,

FEXT BRI, AR T AT S
HIRZE IR W T AL A7 o7 2 FRHE L, THE SR8 1 I 2
> SEIBRRLRA T B An N, HR AR R IR,
A T e Al R B T —Fh et () Trans-
former HEAY LAE— 042 TH % fe AL AU i B IR M B
B5E, Wil T — I T 5 BUR 4 M 2% (convolutional
neural network , CNN) #l Transformer (CNN-Transformer)
RG2S IR, ik CNN B B far 7471
B R RE AL, R GHERY Transformer 2543 5%



©54 - KHAR AR (A AR5 TR

5o B

XA A O R AR AR ), B2 R B g S A B
PUPERE. Hvk, M T R T BB ) SRR R g
SIS, R AR IR H AN 2 2R PSR AR )
TR B AT | Sl 2 IR A% 2T B S B AR R
PPN B A R k. e, 22T REDD Al UK-
DALE AN FREICHE A% S A R S HEZR 64T T 4
TS UE , MRS RUHE ML BE L SO | 1 RCR N
{EIRE AR T T X E AT

1  i# Transformer f25Y } HHIE

1.1 Transformer f&Z!

Transformer |12 W H T4 KW E 2 HE 54,
LI ILF SRt 25 - 5 4% (encoder-decoder) #1744
. YA 4338 2 A (R A G 2 S
B, H— 2O LTE 8 1 ATF2
SETEEIILH, 5 2 T2 RN BRI L.
NFIEACR TR 22 E 2 52 10—k, M2
P 5 R 2oL, H 32 ) X 7E A 2 g A
2 F R T2,

1.1.1 E&EAHH

R AU B O el T A A A Q
EHE B KRR RLRE e iff 2 1 T i 4, SR e AR
AR oA S B A B v AT InACR AL 318
FEEZAE 3 4 MR 0 A K
(A Q- K 5 SR 5 it 4 i IR 1A T 48 0O 38 3k
Softmax BRECH FITFEUE R b A BER 041 5 B S I
AR A3 A XA 4 v SR AT RGR i, 15 5] i &
O =WAL A R = WAL L i i W D=7

Kb @ WA ; K AR ; v W EAE R
d 5 3 DHERER 4R
1.1.2 Az E AT huAb 2 F %

bRF:E S TIRZAN, ditses | fa a2 hic &
e 1 i O VA 1o L2 < S S =S ¢ o (5
Transformer ZEA4H %1 )Z AL ERRRRANT « & 5EF]
FH— S 20 i A RRIE 52 21 8 (5 2 A R AE 25 (1]
W RS ReLU 0TS BRI | AJEZe AR 1R
T i T8 2 55 — A e P 2 REAE B T B S ] i 0 A
BE. XA AT LAFR N

F(x)=max(0,xW,+b, W, +b, 2)

K x R AR W, W, AR T] 2 [AL
TR b, . b, AR X I ) i 1
1.2 i Transformer #&ZY

ARSI T — R [ AR A AT RS
Transformer A&7, FLARFG G0 I&l 1 Fros. R 46 A9
Transformer Z5F43 o H 22 3k v 5 AL BERS A 450
G3HT 5 AR S I , A AR e (]
HCHFFAE. SR Transformer AU B A0 1R
P HVEE , A7AE A BB Ry R AR HE HCRE ) A B
(). At X 3K — () @, A SCHE Transformer ZEA4 11
Fmti EBIAT CNN 4544, CNN A5 B RLE
7, RBAE T A SR S Hh A SR R AR
X T LA R BRI HLA B L. A
XA, AR CNN XSG EHE R A TR, Ak
BERL T PR BEIRE )1, F & T BRI RE AR
SPGB RS B, )5 R Transformer 4244
S BRI AFAE DR T2 U A B e A, SEB T X 2 R
JE FHHURRIE ) A TR, BTt T RERYAE S ey S0 AT 55

A(Q,K.,V)=Softmax (QK" /~/d )V (D hrERERL
CNNUEAE 45 I A e TransformerfAiF Ab AR e S A R A R
- s Ve ; ~
J2A 1 A1k B

. D— % %

" ) fil 32 ok {328 i I P
4t it fik ZATES S % g o)
s 1 1t e e Bl i [
b 2 i gl - BRI —1k BRI —1t " LN P i
]? N = : : B : : #Z
o H— =8 — - i

1 1

B 1 i Transformer 2844
Fig.1 Architecture of improved Transformer

1.2.1 CNN #3k
CNN i E 8 IR R A= TR IE
2 3 AR AR TR H IR ALY

1] DR P H) VA T RRAE SR ORI 4 FE 36 4, A R 220
Transformer fEFR LI HLAEGE J7 HRFIE A
TG, BB RUZ R — 45 a5, @il /R



2026 41 H

FSPAEE : HETIIR > SRR AR R A R A s 2 1 - 55

JEAZ EPHL TR B HRCA7 iy 2y 25 40 R B PRI A
F,. (x)=Wxx +b, (3)

Kb x AR A W AR R W, hERES
BOERE 5 b, A BRAZHE B %) .

ZIEH AT WL B S AEREAS ], AR IR
T A R R AL RHE.

SRIG, R T BRI AR A e B T AR RO BB R AE
Fon, B EREWE XA LP ik 2T Vs
(L2-norm) k454, B

Fpool (F'conv) = szcf)nv,i (4)
i=1

e F WFIEGFUZ M5 s iz Ko
F,. Ak LN | MOE R R EE.
ZIRAVEAE R AR S R AR A RIS, 4 P I B
M 480 4R % 240, BEFEIR TGS BT
)5, FRIERE 20 i e R AR b AL J5 A PR
&l iG-S Transformer ZRFRfAR S, B
Fproj(Fpool) = Wprool +bp (5)
e F, ALZ4mth s w, 8GR b,
R X 07 1)l
CNN AT 171 faf )25 551 i SR oA =X
FE, B N JEZER) Transformer FEHFRL T 2544 kA0
FRAIEF R, DNITG R T BIRIX 7 ff o A 55 Hh s e
TEf AL RE
1.2.2  Transformer #£3k
ME T £ 50 Transformer [ 2 i 2% - i 1 7% 28
. AU AR BA i B o , 188 10 187 ) 4% 245 4 o
B AR T 58 52 4% B A ) B O 45 285 7R 1 SRR AIE 2 B g
1. b as P AHIA] Y Transformer HUMES AL,
BT 2233 BT 2 AT 48 PSR, fif
PR OREE T XTI P RRAIE B B AR T, [RIRhaBE B T A
g R A M.
TEEF Transformer Herp, 2357 2 MR 5
D 4% J R T 5% 22 1 e A2 0 — AR AR, X T
i S (x) , FLARFL AR
x, = Ly(x+5(x)) (6)
A o, UFRIR 2215 H 52 10— L35 19 i i )
iy S(x) TR PR (ZREE 2B ML) 1)
LT
JEH— AR SO

Ly(x)=70 j;‘—f +5, 7)
€

X u Fo R IE B E AR EZE 5  Fll e Syl
) AT ZHG B, B EBRZ /R,

i85 1% 105 © FRBILEMTE. J2IA—MABEM
TURBEIA B IR, 803 T OB SR B P
TERTB 2R ), AR GELU #1 pR %K
BAULLE ReLU, P
G(x)=0.5x{1+ tanh[ 2/ (x+0.044 715x") ]}

(8)
A tanh W IEYIeREL. G eREGE 5| AJEZR
75 8 R0 P T Ak RE 68 B AR R i AR R HUL G B
73. M ReLU HYSREUBTRIE, G 7E B X IR I
TV R BE AR AL, A7 BTSSR G4 o A
FOANREES. i 4% B SE R R
F(x)=W,(G(W,x+b))+b, (9)
Krhw, Mow, B AAEERE, W,eR*™™ | w,e
R1024><256 .
AR 2 3B ALY CNN $2HU )2
B PRI A T . X TR )k, e
5 HT SO R 1 2 AL AR R S T A4 )
FH CNN $2H Y RHE(S ISR IR RN 1) ZFE1E
RIRISR Rk = 10U (h=2) A
M(x)=C(h,h,)W° (10)
h=AxW2,xWX xw'") (11)
Kb wo wro wr e R N i MERIILNS
BB we R¥ NN BGE M. Wil 2k
HEEIPLRIN T CNN REURHER R, SRR RE R
Fi 1R R AR R RE 7, REE 2
TS (Al AR PR G 3R, TR T T % & 44
far i AR RE 7).

2 BRFFI-AIRFERENRN

2.1 BFFEIMR

IR ) e — P oA LR ST HEZR , HAZO S8
AR A TE 2 A H B IR E_E 64 7 o0 A1 AR Y1 25,
RN A R S A B L 5, AT S B AR s B
ORI SRR B 2 (B (). IZAESR B TR AR N
TR RE R ALY 2k b B £ IR ) . AR ZE AR b X
YRy 2SR A B P B 4 rh 81 e — 430
R, AR B A et A8 e 4 XURS: , 3 THT
FH P D] B R0 1 i AN J e 2 5 s i Bk k. 2= >
3 AR VAT AE A ) A I LRI S H0) =
RECRIP T P Bafh , MR FE 431 H A Bl e ke 4 A
RIPERE.

R 2] B AR A e/ MEFT A 2 5 07 19 F- 24401
I PRECRAAL 2 Rsi A, B



“ 56+ KHAR AR (A AR5 TR

5o B

%EﬂM:i%EW) (12)

K Fw) NS 575 k RV B8 n, WSS
5k NG S AR MR 5 0 NI S 54505 5
EBdE & K S 520400 SR

IR ) AR R R T A RS S
575, 25 A AE s LTI 2R 20k
B R 25 B 52 SO 28R R R 28K
B YRS AR, RS AR R PO R A A
ATRERU T . FERE YRl Fi v, 2 2T U A A
SR TG 55CH., 2 5 A IR G LA EF
TEA M, BEBA SRR 2R , A 7= A AT ]
HAF , WNITA R T BB FA.

TESZBRI Y, AFZ 507 R EIREREA G | FE
IR 28 B R0 43 A R S5 THIAEAE B 2 25 5. WS v iX
Pl g5 o S A M, R MR T AN () 5 4 1 10k S 2 > A
BRI AR S 1E T ARHIE A T — A AR IR
AR5, Wit REAFRIE AN BRI 5L
PR AL AT T TR 2 AL BE 7. AR SCEK IR
B EET AR R AKX A o i A, 2% TR RN [R]
A ECE AR AT F R R AR AR B | BRI HESL T
AU T H A , LERR R P R AN 2R AT
T FEREARZ IR TR RE , D L A 1) M
H2r IR
2.2 FMIRZETE#LA

Bifi 2 TR 2 S BRI W R, TR 205
AR AZ R 5T A R R H 2528 . HIHRZE
TR AR — PR U R R A 1, OO AR
B HPAE RG], K KRB th i PR e
JITFIFHIE R R A R B R g AR B vh 04
w2 s, Kb T ORIR SR, « R SEBRI Rt R
FRYERRAGERSE, 24 T =1 IR gyt A TR 25 5.

- o

HTTREAT
- SOr - Bk
I
g | S 1%
el e S 7 9 17 = !
SR SO - S Sk
i
__________ L Solmex o N | gk s
S
B2 4H0iRZEEEEH

Fig.2 Architecture of knowledge distillation
HIRZEIRHESR T840 3 A OCHEL 1 B
T 2 AR RN R RS R, i TR ] 52 2% KA
ZRG5H , HA SR R FESR ORI RIS BB ) 5 22 AR A

KR AR ERA , 38 R AR A AR R A 7Y (1)
RS . X R RAE AL, SCEE TR A
Rz AR S | 70 5 BRI T3 5 2 B A T B 1
[RIEF, F843 1 MR B IR T3 5 2 A A Y
HIvZ AL RE S R e, T 7E B8 U5 52 PR s T {5 RE
Ry e e RN
2.3 BEFRZES)-FIIRZRIBIELR
23.1 AEREM

ARSI R > R 2R AR G 3 B,
SRR G T B 2] 5 R ZE TR I R . ARG
B2 o3 A SRR BRI 2R SEmt T, 51 AHIR
RV ARG, FHE IR > i Bt i 42 Ry
RIS R B i AR, AT RUEAK T =i 3 ]
TS AR P A E T , H HSCEL T RRAE i SN A
RS ARG 53R 2 1 W g, P 2 g ) P 9 il
F R E T HRZE R S OB &
Uit R 5 g T N B A T 2R A8 | SR FH R IB B,
ARXF2EAE R TIN5, A 25 A AR 1 2 >
1R A B ih S AT AL g SR IR A
B BRIE O R IE B RE IR 22 2T 42, LA S
52 50 B4 R I gl 2.

0
ho iR S5 B \\ S
eSS
A AL R
RIE S = = B |wiina
| ol | HEHF
o | | U || TT| s
BIE STUSS B UE S BV UE QPSR
3 BHES-ARARIEERE M
Fig.3 Joint architecture of federated learning-knowledge
distillation

ASCHT SR A ) TAE AR B2 AT BB

B, TR T 08 2 g PO 39 R O Rt
AT, TRl SCER AR R A S A 20 ) A LBl
5, FERPEARHEIEA ) o3-S A0 B

Fok, 2w L 2R T AR A S o AT 55
B afe 2y ae sy L ID R )} e A Y It E S

wW=w" (13)
BRI R IRAE 55, Ml AR AR A R S TR



2026 4E 1 H FEAPASE: FETHIRAE ) SRR WA R A oA 1k - 57
L =aLly(y,y)+(-a)L(2,.2,) (14) VL (w!) AR REOCT SR/ S ERE s m h Y

Ko L ARFRF AR B R Lo (0, 0) I
A BB A (4015 BRI, p, o AR B H s 0 R AR
By WELSIARES s Lo (z,,2,) AR ZEIRI R BB,
z, R PUIMBL T 25 350 I P 2R 50k 3 i PR OB 45 5
z, A AT 25 1o I P R RO 3 R P ORR 4
o HAUEE B0, FF VA ST 552 ) SR80,

SERCATRZRIR G , K AL i A R E I 1 4
SRR e ZE A G L TS RO RS, W]
DABERR A B, s T AR R AR T T i —
L.

2R B AL T 30 G SR B AN PR A T R 2R
TR, BEES Y R BN OG- AR R ) S a0t 2k pei e,
Bk R AN

Li=Le(y,.») (15)

Z IR i 0 s e A IR |, E i
B BE R W75 BT B R SR 7R 5 i AR I 2R AR
o B SR B =N
W, =W, = BVL(w,) (16)
K wi FORE B RIERISE B, 2R &,

TR 24 ) AR IR,

i, U SR 2 540 h 15
AR R SR, R (federated average,
FedAvg) Bkt T2 RS8R A, Al

K

W = D W, (17)
HWRTIRREA T, AU — e 4 Jr ARy
W =™ (18)

%A RBRLG  FR  k B S SIS
G TR eIk, B RIBBI IR RS
232 FIFARA sk FE

TERTRZE IR A AR D, BOWRE R B S8
BOR PERBOLER A VR FE M I 4. DRI, AR SR R
1 WS Transformer BERIAE A ZUMARAY. %
B ELAT B0 A RPE SRR 7 S B8 T, Refs M %0
TZRIRIR T A A IE AR SR (5 B, A RdE 32
AR SR AR IR S8R 1 fos. &
TV, BRI BT S50 2 200 7, SERRBIRSC
FR/NZ) 15 MB.

#£ 1 ¥ Transformer HEE S H]

Tab.1 Model parameters of improved Transformer

JZAR it R SERI
FRIEAR R 480%256 — AR (i AT = 1, 58I = 256, B8 =5, B K = 1L, #HFEN 7 =2)
k)2 240%x256 — b Ak (L2 JE8 WA = 2, 4M3% = 2)
FRAE 5 240x256 RIE)Z by AJEIE = 256, % HiliiE = 256)
Transformer 3t 1 240%256 LRI GER 13k = 2, B4 = 128) +Aripf 2 /4% (1 024)
Transformer t 2 240%256 LRI GER 13k = 2, B4 = 128) +Arispf 2 M 4% (1 024)
RS B 480%x256 — Y RERUZ G AGEIE = 256, fy il = 256, B =4, 8K =2, HEKW T = 1)
iy HH ) 4801 LePEJZ Gt AJTE = 256, *h[AMIE = 128§ il = 1)

[FIERE, Sy 1 fift e SR AR Y R A 1 R TR ZR IR AT 55,
TG bRl P HR R 2 T BT RY 2
T8k, TEFIRZERE T, B 0 A I — i Ao e R AR
AUk oA R G SR MR IT B ORI HOR . ik
RE 814 25 USSR v 25 5 1) 20 r BE SRR DA SE IR RN T
AL o2 AR DT S B0 A 350 RS
SITRZE IR ) o FRTE H R T IR B S50
Softmax PRIZX
_exp(z,/T)
IS exp(z, /1) (19)

A g, TR BOMBIRY 28058 Bk J 75 20 A %00
z, RBRFIM B 5 — 2 52 0% (E.
233 FAKARZE

R T SEBEIR R A, SRR R R R
JEABIRY () fa] SR R A SO TR BTl 12

2% (long short-term memory, LSTM) ¥4 T #5514k,
SRR,

I RA ) 2 AR, 7 S — 4 FUZ X A
BRI TR R

F. =Cp(xW,) (20)

A F,,, REGHZH B RE; Cp (W) H—
geEB; W, WEBIES B,

Hyk, I FHAUZ LSTM SRANHT 51 5. 1656 u
ANEHE A, B2 LSTM a8t feh

i, =c(W,x,+W, h,_ +b,) 1)
f,=oWyx, +W,h,  +b,) (22)
g8, = tanh(W,.gxu + W,,ghu_1 + bg) (23)
o =cW,x,+W, h, +b) (24)
¢, =/f0c,+i0g, (25)

h,=o0,Otanhc, (26)



- 58+ KHAR AR (A AR5 TR

5oL H1W

KH:i, o f, o, AR T BT R T w B
ZIMRAS s g, R w B 2MBEEICIZ R TT 5 bl u B 2B
FORES s ¢, 7 u B ZIPoCRTS; W, W, oW, W,
W ARCEFERE, W, W, W, W, HERGEARS A E
FEFE; b, b, . b, . b, W EI; oy sigmoid W
I, BRALR FH— Ak R AR 25 2R, A
y=W.,h, +b,, (27)

out” u

AP p T W, e E A RERE ; b, A
B 2 O L

R 2R TR BRSO B, Wi, %
BRI S SER R 20 T7, SEPRBRISCIE RN
2MB. SASCHT BB BEA TS L, B fk LSTM
BRI RS BRSO ZUMREEIRY 10% , A BE A5
AL B AR RAR AT 8, dLfifs
BT B o) BB AR BRI BRI e o L.

2 LSTMiEEISH
Tab.2 LSTM model parameters

JZAFR LN LERE

HRAE L 480 x 32 — AR (i A = 1, 5T = 32, B8 =5, 8K = | ,LHEW T =2)
LSTM JZ 1 480 x 128 B ATE = 32, i i = 128
LSTM JZ 2 480 x 128 B AGHIE = 128, % HiETE = 128

2 480 % 1 SR iy ABTE = 128, % HliE = 1)

[FIEF, Ay 2 AR AR BB A% 18 1 TR 2R IR AT 55, 2
K B ZUMBR B RIS, [RIAE AT S0 2 A A A (1Y)
T AR, I AR IR IR R PR AL AR R
iy R AL AR S SCEOMA R A R, it
AR FZR . 8 H IR ZR R R RECR A KL 8%
(Kull-back-Leibler divergence) > i 5 2§ ifi 452 71 1 2
AR R A Z Rl 22 5, AR

T T 2 T /- PT(I)

Ly =KL(P"|Q")=T"3 P (z)lg( o m} (28)
X KLAGE KL BUE; PTG) A QT (1) 43 5IFoR L
DA 8 A1 A SR 28 5o I B R AR 1) 1 A

3 EHlsH

3.1 XWIMNERHEEEERE

A EAE SR ) SR TE L B A AMD  Ryzen
3930X 4bFEES AT NVIDIA RTX 3090 A Windows
10 YR 2E 2 R 45 a8 LiEAT. SE RS R Python 3.9
W, URPEF ER SHESLH ) PyTorch 2.5.1 A4 £E.

Ry 5 U i PRAR Y K I 2 2] -RR 2R TR HE SR i A
Rk, ASCEEELT REDD 1 UK-DALE iM%
PEAEUEATSCES. Ho, WA EE AL F T 30 uF A A i
HERSA SO, T UK-DALE ¥ 820450 4 F 300 ir
PEAEZR P RE.

1) REDD %44

REDD idli4E iR FE T 27 B¢ (MIT) SR4E, %
6 FVABRERY AR DR AR A L DR B SR EK
F VAL VEmH LR AR AL B 2 ~ 6 SR
PEVE R IIREE CHorb 10% MIGIELE) | 1 5 5 R EdRE
SR AE.

2) UK-DALE #i#itE

UK-DALE a8 5 P ERE R R AR
R REE . AT RIS . — IR
R0, EBUK AR | vKAR | DEAR LRI ERINLE S | #F
1.3.4.5 SHEEBIRVEMIIGE GLh 10% R 5E
) ,2 S EEBIEE NI EE ; IR UEBCR % > -
HITRZEIRAESE , PRI IE S G S HEMNAK
T, 4 5 55 B U K MR LS |, 8K
APERHLIEATIRUE, # 3.4 5 55 BEURIE N =i
AR, 1 S S S EEGE IR E S A 2%
AR R
3.2 HiEmAE

1) FRFEALI

REDD 5 UK-DALE /S 4E A0 T 0 SRR E AT
RAFTEZES : REDD BaEh £, 1s/5 kU
3 s/ AR RAE, 11 UK-DALE BE4E b s M4y
FILL 6 /MR RAE. NG — Bt R IE 5L
B — 8t RSO A BIRES — ERFER 65/5
(AR,

2) BlE v Sk

2 B S PR B R A 1 B b AT REAEAE 1 T AN
SR RSO AR BRI T T REMIE TR RS U, Xt
FTEARHI X ADTF 30 ARAESAIES, R AT
SRR TANSE s X R XA L 30 AN SRAF AR
(B B , WIPEE bR C o IRl e Jm 22 e 5
Bi. DLAR, AR SCARXT D350 AT T 47 %00 BBl FR 2
WE T TR AR D20 F IR A, [FARi /N T
5 W BB kg e 7 1L 1
3.3 #HENTMIEIR

R A TRTPEAS BT AT () P R, ASCRAI T 4 FhE
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Ey = WZ% (30) B ] 2 1035
R N OMREARCR sy, Ry LB %A S BRI R (2) KFERAFIMER
{8 SRR A A —
(3) METR 100 — i
T, +T, 80 ¢
— P N z
ST AT+ Fy 4+ Fy 31) =
X 7, FRIEH T & RS T, FR1E or
TR 5 45 G B B RE AR F, 27 AR T 3% 4 T 20
JABIREARRY; F, Fon R TN 5 28 2 P R AR B %0 50 100 150 200 250
(4) F1 3% I i 7 5,
F1=2PR (32) (b)) VRES B faf 43 il 28
P+R
4000 ———
— . TPF (33) ::)22 i —_ %ﬁ?ﬂl‘]{ﬁ
p 15 : I
T = 2500 F
= P F 2000F
T, + Fy (34) = 1so0}
X POKERGER, FF RAROR T, TR R Lo
BHREA R, SIBRBSIE “FFR M EL B R R 73 Ial o . .
W AT bR TP I RS MR A O e
BB R R SR A BB F1 AU RS W A \
[ g P AR 8, TIP3 Atk A (o) FRBAM IR
E1RE 3000 o
: —
3.4 HEEVSIRN b SR ATILAL ST 2300 —
P 4 ST RIEIYE UK-DALE 304 X Kas | = 207
VKA TRACHL  VERIHL 4 B A TR AR £ 100y
el T AL, TR R o AR ) T AR AT 2K S 1Y 1000
FFI LT 45 B 22 TR L e e (R R SR RS Sy e 00T
ST 4538 A T3 AR P PR AS DI AE | HEAE TR T A Y0 S50 10 10 200 250

DX (A1 A TR K -, B8 T BT S AS R 7E £ i 4
figt P AT SR

S IAIE T Y SO IR (R R, AR B T
TENMERT GRU (R-BiGRU) | F ML AL LSTM™2Y
(R-BiLSTM) A K J¥ 31 £ ¥ 511 4 70 (Seq2seq) P M
XFEHXT 4. RSB A, BT B AL SA R A
IR &, IR G 5 FF H i AE 1k
T, 4% 3 3k 4 3 HE/R T 45 B77E REDD %k
PEEEF UK-DALE Bda s i PEREFa A,

R JE] 5 4005
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Fig4 Load decomposition curves of improved model
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Tab.3 Comparison of REDD performance index

AR AT Y HEfZE | F1 980 | Ewr | Eua
R-BiGRU 0.794 | 0.705 |0.829 | 44.28

oK R-BIiLSTM 0.798 | 0.709 |0.841 | 44.82
Seq2seq 0.796 | 0.689 |0.822|35.69
ASCHRBR | 0.888 | 0.813 | 0.820 | 32.55

R-BiGRU 0.922 | 0216 |0.090 | 27.63

— R-BIiLSTM 0.989 | 0.125 [0.020 |35.73
Seq2seq 0.970 | 0274 |0.042|36.12
ARSCHARARAL | 0.993 0.723 |0.014 | 18.38

R-BiGRU 0.955 | 0.034 |0.042|25.29

— R-BIiLSTM 0.956 | 0421 [0.056 |25.25
Seq2seq 0.953 | 0.298 |0.053|25.29
ASCARAERL | 0944 | 0.480 |0.035|25.41

R-BiGRU 0.890 | 0318 |0.320 |32.40

T R-BiLSTM 0914 | 0418 |0.306 |35.27
Seq2seq 0.906 | 0418 |0.306 |32.37
ASCAAREARL | 0942 | 0.672 | 0.290 | 25.45

% 4 UK-DALE tEEE84R7TEE
Tab.4 Comparison of UK-DALE performance index

AR FR R | F1 80 | Eve | Ewa
R-BiGRU 0.993 | 0425 |0.008 |23.22

K R-BIiLSTM 0.994 | 0531 |0.007 |21.26

AV

Seq2seq 0.997 | 0.850 |0.003| 9.64

AR ST 0.998 0.911 [0.002 | 5.82

R-BiGRU 0.636 | 0401 |0.901 |39.54

oK R-BIiLSTM 0.573 | 0.174 |0.956 | 43.74
Seq2seq 0.772 | 0.718 |0.758 | 29.20

RS RAR Y 0.849 0.820 | 0.683 | 20.95

R-BiGRU 0342 | 0.018 |0.062 |68.65

— R-BiLSTM 0.938 | 0.150 |0.067 | 15.66
Seq2seq 0913 | 0.173 |0.094 | 11.90

ARSI RAR Y 0.945 0.305 | 0.060 | 10.51

R-BiGRU 0977 | 0.639 |0.035|38.42

— R-BiLSTM 0.976 | 0.605 |0.033|36.36
Seq2seq 0.947 | 0.560 |0.069 |25.43

ARSI ARAR Y 0.981 0.723 | 0.034 | 20.03

R-BiGRU 0.737 | 0371 |0.252|42.46

Ty R-BiLSTM 0.870 | 0365 |0.266 |29.25
Seq2seq 0.907 | 0.575 |0.231|19.04
ASCARARRL | 0.943 0.690 | 0.19514.33

M 3 55E 4 WSR2 FonT UL, BT RIZE AN ]
BPa s EXF KA P e mibL 3 2EH AR A sk
T B W HE R MER G R SRR T UKEE R R 2R
FEPIAI B G A TP AR H A I A5 25 R, R 4
IR 4 AR R L AT Rl DL, KA | PR
ML PRI 3 i gn 3 A B m I (i T )%, I
1B AT I Fa B 2000 W, 7E A A S L B
. WL, e E L R, X B BRI T RS
ey SN 1) o e X 2 T O B (1605 B A
AT AR BRI AR (S 2.

MBS, KB ITRAES T IR Y
100 W, {2 HAh 3 KA ZRAIZ) 5% . i THA G IR
IKFAAIR, VRAE T SRS AR AT S 071 A 14 15 M)
R EEA R, 1 ST 5 AR T 25 ) HAth i 23 9 T %35 B
P w s T, S ERRAEE B 5. R, B
DKAR A7 AR TR B 8 AP T e e 2.

3.5 BRFREES]-ANIREIBIE LA R EHE
3.5.1  Feif RABA RO IR E

A B IR 2R AR A S BB AR A Ak 4R T
B ARV RE 7 A R, ARSI T UK-DALE
B 0 UK AR e A WL 2R 2R E A T AL 00 S
HR T2 CNN-Transformer 5 Z0TEIRL, Fii
b LSTM 1R A28, IEEMInA R-BILSTM fE
S LY. IR R RS T MBS
o 53 HEE R 3.0 F10.5.

AR SCN A Y B B IE IR ZE 0 A Rk, 5B 1
AN ST BT BRI R 2 o) IR IR SR, 2 A UAT
fifi 3.4 S EAAIEIRE. FESIRE, i
SR 2 B Xof 2 A B A 7 TG R R AR I 2 R A5
FEMERAY 5 B e e AR R B A b 8 I 2R A
RUEA TR IR, A5 B ANR ZR AR A,

552 ANUEREIRUF IR GE IR R DAY SR R
PE. BT ZAEA R AR P RS EG . ZAEA
WK 1.3.4.5 SR ese gl ; DR
HAUFH 3.4 5 R B,

AR SCHEZR R 2R RU R R-BiLSTM X R I 4
K 1.3.4.5 SHEEATEESIREEG. EHRINZE
TR B, OB =i fe s 3.4 S5 E%k
Pade SR DUAF A HESR SR B .

MF 5 53 6 BRIPERERT &S LAl 0L, 41 XK 3
gk, FEREARYN I ST, SRR IR 0 F A 45
RUTEMERR F1 040 Evr BT Ema 4 D PFALEFR 1Y
P FTCHRZEIR R 22 R AR [lB, Zead AR ZR IR Y
F A AR R BB T ZRE A I 2R X ELAR Y. R-
BiLSTM.

XFFUEARHL G AR, HIZE IR R R B 2
RER TR, 7R DREAYI G T, AR ZEIE AR
T T AR RITE R PG HE A LRI, TEIR 2546 bR

%5 EFKEHMEEXLE

Tab.5 Comparison of kettle-based performance

R HRZRIR R MR [ FL OB B | Ewa
BUnEA | % 0.998 | 0911 | 0.002 | 582
J % 0.996 | 0.736 | 0.006 | 16.74

Sy S b 0.993 | 0.357 | 0.008 | 24.13
A b 0.996 | 0.703 | 0.006 | 16.53

R-BiLSTM| & E4 0.994 | 0531 | 0.007 | 21.26
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Tab.6 Comparison of washing machine-based perform-

ance
B RGEI BEAR I | ERR | F1 0| Ewe Ewvia
BopEA | % 0.945 | 0305 | 0.060 | 10.51
T % 0.805 0.115 | 0205 | 22.40
AR | TG i 0.775 | 0.104 | 0.234 | 24.06
il s 0.950 | 0.162 | 0.055 | 16.10
R-BiLSTM| & % 0.938 | 0.150 | 0.067 | 15.66

J TR ZREAIZRIF) R-BILSTM X FUARHY.

B TR BERE EE 2 A, O AT PEAL BT SR AE ALY
SR, AR SCHE— 25 b T OB | 2R AR AR R-
BiLSTM X HUAR AU AE R R S 850 | AR SO RN
SR RVRIERRISEA] 4 A7 T B PEREFE AR, b, Y%k
IS T UK-DALE #dafErh 1.3.4.5 SHREINK
A T ARER I AT 5 HEFR R 3T 2 5 5 Rk Rk
A EEES

I T AL A A B A R R Al sk
B BRI B HR N 20 7, AT ZORE AR R-
BiLSTM 435/ T 90%F1 84.6% ; £ 4% 2% [ AL
1.64 MB, &40 5k 89% A1 83% . YIILRAFAI{L
T 2min 56, BWH R4 70% F1 74% 5 HEFEH
B 8 s, 2l sl 43% 1 47% .

®7 RESHESHEXLL

Tab.7 Comparison of model parameters and time

R SHETT | SR/ INMB | I ZRE ] | A i /s
HO A 200 14.80 9 min 51 s 14
2 A A 20 1.64 2 min 56 s 8
R-BiLSTM 130 9.67 11 min 10s 15

i BRTR, N 5~ 7 BYXTECABT AT UL, iR
TRTE R AL SRR PR T I T T B B 3. XK A RN
VEARHLIA 2, 7 A BT & VAL e s EIA ] B 42
T, B DAY b5t T Al s 2EE 2 2R A9
251y R-BILSTM 7K. FEREHrfb T, 22 ARG
2y 10% S EE RG2S (8], YIZR A A ] g 2
FEAIK. SCORRH, FR 2RI i = m AR RS , eI
FEPEREMY I R T RERIE ZRE  hih Gel 2 i Ak R
B AR 2 o A SN GR T A RO .

3.52 BRIF T A ACHIEE

RIS UE T PRI R A ST HE SR A A, AR SO T
T 2= U R 0 20 A SN GRIG IR S 5. 256 40—
AT RGN S, ZmLE 3.4 SR
BARNE R A TE AR, D& S 1 2 5L E 15
5 SRR M RAA SRS, A& AR
FIAH RIS IIZRAC ., Pra SR 2 5 5 R BEfE
g — i 4E.

AR BT R Z8 18 1 52 AL 24 AR B Sy
WG A R A | B — R R 2= S IR E. Y2k
i, Bk wIbh a2 R A (R 1) S50k 2l
SR, AT T R 1 FIA UL B T T
PNR5MR, b5 FAARRT SR R 7. 2 vl o e
R A B A S5 O ) 4 JR iR (4 i Ay
2) I UEPERE. TR AR, G S R B s
IR ZARFFAEA I, 22305 S UL H A R S50, S
T RAGI T B A =N g5 k.

M 8 AT UL, X F KA A, G N 1.2 R
BIVEREAR RS T4 i il 1 Ysepl i ZHR T, &I
RENG, &AL 2 MoK TGN TEREIL Y,
4 PG AR B .

*T 8 EEFRESIHREVIERR

Tab.8 Index of federated learning model
LA FRHY WERR | F1 38|  Ewr Enia
)RR | 0.996 | 0.703 | 0.006 | 16.533
LRI 2 | 0998 | 0.863 | 0.004 | 10.366
K ar KR | 0.998 | 0911 | 0.002 | 5.820
HGATA 1| 0999 | 0.929 | 0.003 9.120
MG 2 | 0997 | 0.848 | 0.003 9.553
AJERERL 1 | 0.949 | 0.162 | 0.055 | 16.095
AJRIERI2 | 0.939 | 0.218 | 0.067 | 27.580
KR | 0.945 | 0305 | 0.063 | 19.510

AT 1 | 0955 | 0.198 | 0.05 | 22.228
AT 2 | 0936 | 0220 | 0.072 | 16.459

XA &, 2R 1 2 %008 1 Y15k
JEPERE B E AR T BAEh 21T 5 2, f F1 B0k
Tb, HATEVRIGE T R R, /A 260, X Rk B 280
FEIETF 5 S RIVEARPUEE k. LBIRER
Hla, &AL 2 1) F1 0 80m 53Tt (HER M
Evr /NE TR, Eva BEAIREAR , LB 50 2850408
2R 42 JR R AR ) AR

ZE B, FritfESR sl T BRAMET T 194 A X
YNk, @ =D UMRIPLE] , 1215 55 RE R FAA St
PARAERL, B LRCR Ll IR AR B 4 e
T X KA 2, HESR I S A PR BESR T 5 XAk
ML, Bz 85 s s, (EATR AR B AR A 3R
353 FRREREZHE ST

o i PPARE AL AR (5 DL 3, AR SCOXT 3 FHEZLE
TTXRTHG : ARG 3 A LA 22 ST HE SR | RIS 2 S HE
0 R T AR 2 2] R AR R AE L.

158 Ay SCRE B T K 10 5549 55 1) D 0 B A%
Z b, PECE E WA TFEY ; F BRI > HE 40 1
UL SRR AR A5 R4 , (H YR S0 Kt
ATh 7= A AR AR R AR ST PR AE 2R FH e o 2 A A
RIVES 4 Rt Y, i TS B 208N, BB R IR

VAL
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WAL 2 10 B ) 8 £ 5.

T ALXT G 3 FHESRAIE {5 R, AN SRR
L5 AR 7 ) Bk S I AR R ) 2 s R T e, e
kA T A Tt

9 R T ARG AV BR AR RN . eI
IKAEFFEAHUE IR &, T AR AT 207

B, A5 2Ok AR RS R . B,
TR AR A AR S HOF MR T 1 A R L
P bR A AR S, BB SRR e LY
SAL EalAE Ry b TE A R A
x99 BBTRYIEE
Tab.9 Data volume at edge nodes

it [F) IR SO B H 5 1) 0 7 fir P S 2 5 P Fh, B 4 e ] B4 K/ NMB
i, R AN T AT R SR | KA ] A BFBR 313.0
AL H 50388 1 2 R/ E SRS 7Kt ek 234.0
% 10 XL T R FEHESLIIE G, (55001 AL 2440
S AR AT AP 5 BRI/ 2, F i | e 3
A3 £ g R0 S /NI LY A, 3B 175 S s
bR ATIE AR R, BT T HE SR R TG AR i mU
F 10 AEHERMIBEERTEE
Tab.10 Communication traffic comparison among different frameworks
Pt FHAESE Jt A BHIR/IVMB AR /MB T E/MB S5 1E/MB
(e ] R-BiLSTM 9.67 853.10 9.67 862.77
SiE] HmAR 14.80 29.60 29.60 59.20
IFRA>) R-BiLSTM 9.67 19.34 19.34 38.68
ASCHESR 2 A 1.64 3.28 3.28 6.56

MR 9 B rT UL, 3 FREALEE TR 22 5 0
g A o I REAR A R R R n B, Sl (5 i
ik 862.77 MB. ‘LK H 2 S HEQUAL i i AU S 4,
KRR FI R R-BILSTM B, 38 5 5 40 91 Ky
59.20 MB Fil 38.68 MB. A SCHEZRIE 11 5| A2 a2
AR KRR E R R 6.56 MB.  S{GGEHESLAH HFE
I 99.24% ; R FHZOMARIA R-BILSTM FUEXITAE
35180 88.92% Fil 83.04% .

o3 A AAESL 30 15 TF 85 5 R GO I 2Rt 7
SRARSE.  BEAY BSOS A ZRAe I e AR A
MK, BGHESE T BTG R EOE 2 R AR R
AT BRIRAE SR T, AR T 5 A A S
B AEBAE IS ARAS T, B 2 BAS SCHEZR 5 244
130 kA RRR R SAE L TT 8. o, A
SCHEZR 5 A5 BRI AE 4R R [R) kA (FE o
AR E RIS T A AR UGS TR, 10 TE T HAE R
A8 A3 A 2N 23 £ 485 7 T A Rk

R TR E 2 S AT AE A AR A S B 208 P I
AR B AL PR P AL 288 R I, AR SR T —
ML T IR 27 ] SRR ZE IR B AL 5 A 7 AR HE L,
i SRR IEAS LT 4518

(1) % CNN-Transformer JR-ESZEMMHHET —
Ffrasc st 1 £ fof AR, R CNIN $REBRUS7 A P 410 )
JRFPHE , il 1) Transformer 385 1 HA B R EEAR
it S, FriAEAIYE REDD 1 UK-DALE M-/ NATTEL
o5 () G407 S AP AT 55 PP S B S P AL RE.

(2) HR B 2E ANEIAESE , ST A
R AL S RSP, Tl AR ZE R,
A EBRNFE LR RS T 5 I HER P BE R DL T, 45578
IS HHSRREAR T 90% , YIZRIH S T 70% |, HERR
BT T 43%. [RBTG5 ABIRAT , if5 0 21
SET LT JFR B BV AT 2 SR 2, FEO-4
BEURARA [ B A R T TR TP .

(3) AHEAEGE o347 20 > T RIS > 5
PR HELR G| A% i A AR KR REAR T 2= 320 P ) el
W E T8 , A H AR e HEZRIE A5 AR T 99.24% ,
R FH AL UTASE Y (1 4L eI 2 > HE QR A5 R RRAIR T
88.92% , i AL A5 BUFE YN ZR A HE B B Be e 0 i B iy
M ERCR, IR TRRITE D G A PR 2 B
THIFRE .

S 3Bk :

(1] F W, B, 3 6, % B 6emH B 8R =4
Tkt R R R R (], I, 2024, 41(8) @ 2-
14.



2026 41 H

FSPAEE : HETIIR > SRR AR R A R A s 2 1 63

(2]

(3]

(4]

(5]

(6]

7]

(8]

9]

[10]

Yu Hao, Yang Jiahui, Xi Wei, et al. Research progress
and prospects on compression methods of smart power
distribution and consumption data[J]. Power Supply and
Consumption, 2024, 41(8): 2-14(in Chinese).
Tanoni G, Stankovic L, Stankovic V, et al. Know-
ledge distillation for scalable nonintrusive load monitor-
ing[J]. IEEE Transactions on Industrial Informatics,
2024, 20(3): 4710-4721.

SRRERH, ENTAH, BRIESC, 45 ZETAUE GRNN S5
[F) 51 R A Y A 4= A S By 2 8k (0], BEA
i, 2019, 36(10): 9-15, 86.

Guo Luyang, Wang Shouxiang, Chen Haiwen, et al.
Non-invasive load decomposition algorithm based on
bidirectional GRNN and time series translation
model[J]. Power Supply and Consumption, 2019,
36(10) : 9-15, 86 (in Chinese).

RER, BRERE, % 5, % BRER MRSt R
Bi b RGREEE ITE B AL PR (T]. B REEA
ghik, 2018, 42(19): 169-176.

Leng Xiwu, Chen Guoping, Jiang Yu, et al. Data
specification and processing in big-data analysis system
for monitoring and operation of smart grid[J]. Automa-
tion of Electric Power Systems, 2018, 42(19): 169-
176 (in Chinese) .

Hart G W. Nonintrusive appliance load monitoring[J].
Proceedings of the IEEE, 1992, 80(12): 1870-1891.
A N, SRS, TR, F BTk g
AE: MR, ZEM . HORENH ). hE AL TR
2, 2024, 44(14) . 5473-5496.

Tong Jie, Qi Zihao, Pu Tianjiao, et al. Edge intelli-
gence to power internet of things : Concept ,
architecture , technology and application[J]. Procee-
dings of the CSEE, 2024, 44(14): 5473-5496 (in Chi-
nese) .

Schirmer P A, Mporas I. Non-intrusive load monitoring:
A review [J]. IEEE Transactions on Smart Grid, 2022,
14(1) : 769-784.

Schirmer P A, Mporas I, Paraskevas M. Energy disag-
gregation using elastic algorithms[J].
Entropy, 2020, 22(1): 71.

Zhong M, Goddard N, Sutton C. Interleaved factorial

matching

non-homogeneous hidden Markov models for energy di-
saggregation[EB/OL]. https://arxiv.org/abs/1406.7665,
2014-06-30.

Kelly J, Knottenbelt W. Neural NILM: Deep neural
networks applied to energy disaggregation[C]//Procee-

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

dings of the 2nd ACM International Conference on Em-
bedded Systems for Energy-Efficient Built Environments.
Seoul, Republic of Korea, 2015: 55-64.

Yue Z, Witzig C R, Jorde D, et al. BERTANILM: A
bidirectional transformer model for non-intrusive load
monitoring [C]//Proceedings of the 5th International
Workshop on Non-Intrusive Load Monitoring. Japan,
2020: 89-93.

Bao K, Ibrahimov K, Wagner M, et al. Enhancing
neural non-intrusive load monitoring with generative ad-
versarial networks[J]. Energy Informatics, 2018, 1:
295-302.

BEEHE, BORIK. FET ResNeXt MZSFIIERSE > Ay
A G W ] B RE A e, 2023,
47(13) : 110-120.

Bao Guanghai, Huang Yixin. Non-intrusive load moni-
toring based on ResNeXt network and transfer learn-
ing[J]. Automation of Electric Power Systems, 2023,
47(13) : 110-120 (in Chinese) .

PanY, LiuK, ShenZ, etal. Sequence-to-subsequence
learning with conditional gan for power disaggrega-
tion[C]//2020 IEEE International Conference on Acous-
tics, Speech and Signal Processing ICASSP). Barce-
lona, Spain, 2020: 3202-3206.

kA=, B 5, Gaah, % ST B S LS
B AR AR A SBT3 0], 3HSRALN A, 2025,
45(3#8 1) . 317-322.

He Gengsheng, Huang Yu, Zeng Jincan, et al. Non-
intrusive load monitoring method based on multi-channel
fusion mechanism[J]. Computer Applications, 2025,
45 (Suppl1) : 317-322(in Chinese) .

FSFAH, SRRERH, BRIEESC, S5 JETRMERNG SIRE
A AR A AT R D). o R AL,
2020, 44(9): 103-110.

Wang Shouxiang, Guo Luyang, Chen Haiwen, et al.
Non-intrusive load identification algorithm based on fea-
ture fusion and deep learning[J]. Automation of Electric
Power Systems, 2020, 44(9) : 103-110 (in Chinese) .
Ui, R R, JERREL, AF BRATEIENTE )
RGP N SRR D] RS A S,
2023, 47(19): 187-199.

Fan Hang, Xu Wei, Fan Xiaoyu, et al. Application
analysis and prospect of privacy-preserving computation
in new power system[J]. Automation of Electric Power
Systems, 2023, 47(19): 187-199 (in Chinese) .
RAMS, FARAS, skiifh, & AR TR



- 64 -

RHAR 2R (A AR5 TR

5oL H1W

[19]

[20]

[21]

H, 3 K Do i s B FA DR 5 vk (0] PRI R
AR (ARBFARR) , 2023, 35(6) : 1001-1010.

Song Qipeng, Wang Jidong, Zhang Liwei, et al. Ter-
minal data privacy protection method for power Internet
of Things based on localized differential privacy[J].
Journal of Chongqing University of Posts and Telecom-
munications (Natural Science Edition) , 2023, 35(6) :
1001-1010 (in Chinese) .

Kukunuri R, Aglawe A, Chauhan J, et al. EdgeNILM:
Towards NILM on edge devices[C]//Proceedings of the
7th ACM International Conference on Systems for En-
ergy-Efficient Buildings, Cities, and Transportation.
Japan, 2020: 90-99.

McMahan B, Moore E, Ramage D, et al. Communica-
tion-efficient learning of deep networks from decentral-
ized data[C]//Proceedings of the 20th International Con-
ference on Artificial Intelligence and Statistics. Florida,
USA, 2017: 1273-1282.

Dai S, Meng F, Wang Q, et al. DP2-NILM: A dis-

tributed and privacy-preserving framework for non-

[22]

[23]

[24]

[25]

intrusive load monitoring[J]. Renewable and Sustainable
Energy Reviews, 2024, 191: 114091.
Lin Y H, Ciou J C. A privacy-preserving distributed
energy management framework based on vertical fede-
rated learning-based smart data cleaning for smart home
electricity data[J]. Internet of Things, 2024, 26:
101222.
Hinton G Distilling the knowledge in a neural net-
work [EB/OL]. https://arxiv.org/pdf/1503.02531, 2015-
03-09.
Rafig H, Zhang H X, Li H M, et al. Regularized
LSTM based deep learning model: First step towards
real-time non-intrusive load monitoring[CJ//2018 IEEE
International Conference on Smart Energy Grid Engi-
neering (SEGE) . Oshawa, Canada, 2018: 234-239.
Zhang C'Y, Zhong M J, Wang Z Z, et al. Sequence-
to-point learning with neural networks for non-intrusive
load monitoring [C]//Proceedings of the AAAI Confer-
ence on Artificial Intelligence. New Orleans, USA,
2018: 2604-2611.

(AL 4 Fh 2 4E)



