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Non-intrusive load identification framework based on cloud-edge collaboration

GU Shuifu, ZHOU Let, Ll Jie, LI Yafetr, LI Yuanqgt, ZHU Chaoqun
(Suzhou Power Supply Company, State Grid Jiangsu Electric Power Co., Ltd., Suzhou 215004, China)

Abstract: In order to solve the problem of analysis ductility and large consumption of cloud resources caused by massive non-intrusive
load monitoring (NILM) data uploaded to the cloud, a non-intrusive load identification framework based on cloud-edge collaboration is
proposed. Firstly, the Markov transition field (MTF) coding method is used to color code the power data, and the load identification with
clear characteristics is constructed. Then, a lightweight deep learning model with the same structure is deployed in the cloud service layer
and the edge service layer respectively to complete the training and load identification tasks. While reducing the pressure of cloud-edge re-
sources, the cloud-edge coordination of load identification is realized through transfer learning. Finally, based on adaptive synthetic sam-
pling (ADASYN), the REDD dataset is extended to solve the model learning bias caused by dataset imbalance, and the identification per-
formance of the framework proposed is validated based on the dataset. The results show that the framework can not only meet the require-
ments of high precision and real-time load identification, but also significantly reduce the pressure of cloud and edge storage and comput-
ing resources.
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Fig. 1 Framework of cloud-edge collaborative load identification

NGS5 T30 S BT IR B, 338 KM
BERBE 7 ] M 2 2 K a5 T HOHR R I 5 25 ), &
ES G S NN VRN = NE R A5 3 3 R S S 1
KRN G R 55 JZ R E 2 9L 45 SqueezeNet 4T
T AR PRI SR ORI 3 BN ISR RE S TE LI
FEM/ IMEE S TR IR I TE LT, 245 =0k B () 9%
PR 16 SR i1 65 98 U5 R 7 1% TR) A, S 80 £ A 398
T A BE SISO 1

RS2 T mumsR KR 5 EE W
TERBGEUR 3R E T H L TR B 27 2T X 4 BB e e
K, BIRTE—EFERE B 1 0 far B B Al 22
R 2 Vg s Al A R e ME AR X TR AL SR T 2K
WA 5, (15 =7 & B IR S A7t s H) 2
B TR AIPREL . At AR SOl S AR 22 1"]
—HUIN R RN L SqueezeNet #55 T = 1153F
D)2 i BT IR I AE [ﬁlﬁﬂt,ﬁ?ﬁ/ﬁ\ﬁlléﬁﬂﬁﬂ’ﬂ?ﬁ
Sz, v LAAR - H S B fr B A i ]

¥_\

2 lﬁ‘g L\ |[ {;Ii
2.1 EFVMTFHRFEHEIEE &R0

R Al REER Y e —Fh— it e 5 5 e e
B AR R B S St s . T IETE L 1 RS



20 A B~ = g

274

TR AR AT A0 R 09 0 e B R R S
SR B A 53 38 KA K MTF 2 %5 R v FH 2
SRR,

S — RS X =, xy, o) o 2, WA
ARPBES E SR XL Q MMEUATT g (j e[, 0]) Xt
B [ 97 0 B A Ak 38, A B v £ 4 — M
(TR A, 7T DU BRI B0 A0 g, Lo 88
5 38 3o VA B P L — B 8 A T S 1 7 2 4%
SR TC 22 1A 1 R M3, 2803 — 1k A B 75 )
OxQ TR AT KEERSHENE W o SR , Th /R Al e
BN X 17 )40 S RURE , TR 2 1 L
B P A4 2 i B PR S T 135 45
Yoo AR — 1 B, R MTF 346 3% 3k 47
308 3 % R 3 5 2R TS e DT e
FEMESSIEATHER 406 5 W (R R L
WA 7 A I R G TR 46 B M, (58 T
=B R T , ikt

M, M, - Mw
M, M, - Mz(}

P(w, |x1 €4,,X, qu)

_ P(wﬂ‘xZ €¢5.% €4,)

Mol M()z M’JO P(ng‘xgeqwxle%)

(1)

P(w12|xleq”x2€’]2) P(Wlo|xleqnx0 qu)

P(w,, ’xz €qpx,€q,) -+ Plw,y, ’xz €%y Eq,)
Pw,, ‘xo EqpX,€q,)  Plw,, ‘x() Eqp%y Eq,)

L M, NI EEL g, 3 g, BIERAAER D M, =

P(w,

X, Eq,XEQ) o

IXFE L Ik MTF i A5 21 1 RS2 A DL RE s
S

(1) BMERBYBRER s EA5 B R D 2R A i 1Y
IR, e T —AE DR AR I P B R

(2) BRI MEGE R M N, IFT T
B A, AR T RS it 5 i —
HESARTHR R TR 2] 427 > T

(3) ECPHESAEMERI GAF 1 5 , MTF B A0 i
PSR IF R R BN . B B A
MTF 340 HIE 7= 4G4 72 5
2.2 S([Lleeze\ﬁi$§§éﬁf%}§$ﬂ|X_X,|é’§

UTAFER , B TR BE 27 T I G E N i A
2, X UG A AR i 1Y R U, BE S AR 4 M i
TTEUGAS Az R, ASCEE IR 2 T R
o — 2 )y 2R B X5 WL ) MTF 230166 2 5 7 g B i
PRSI S BN BT, TR R A i Bt

TR T h R L 5 2 I 2% B T ISR, A &
HERER RN 5, X — 7 T 8 T B R
KW PE 5 2RI IR A RIS FE s 0 — T,
RHIABE 1 0 255 55 780 0 LA 38 2 22 ¢ U A2 PR 19 300 2%
Uito AL, AR SCH ARG M 4% SqueezeNet "™ A
FFER L, & A TRATT R B SqueezeNet AL AT
K/ AR S 5o SR, m DR N T
REDD A8 4in 45, i S 1 68 M AT /= 1 1 1 fr
PR R BFRIOR . - 5 T BT 55 DL D, A%
SCEEXT SqueezeNet fi 2 #4722 5050 B 00, DA
TN TS o SqueezeNet 254 B HAZ UM Fire
mE2 R, E2b)d, HxW N AEER S ¢
H1S 43 5 4 Squeeze JZ B % A RN HE B, E, Al
E, 5 AT REJZ 11 1 3%3 U i H m G %

[HAER, 224x224x3]

f|3x3Conv,64,ReLU|

+ [Maxpool,s=2]

i [Maxpool,s=2 | 3§|1><1Conv,512,ReLU|33 [HWE| [H<WE;] !

[IXIConv,E/| [3x3Conv.F |:

N

:i e
11 - [omchear [TRE
: ‘s |
: :: |
: | Oupu
ARSI Sy

(a) SqueezeNet W 25 4554 (b) FirefiHe2t 4

B2 SqueezeNet Z5# K HiZ i EER Fire

Fig. 2 Structure of SqueezeNet and its core module Fire
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Table 2 Experimental environment parameters
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Table 3 Hyperparameter settings of deep-learning model
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and after ADASYN processing
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