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Research on Non-invasive Load Monitoring Method Based on VMD-CNN
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(School of Electrical Engineering and Information Engineering , Lanzhou University of Technology ,
Lanzhou 730050, Gansu , China)

Abstract: Non-invasive load monitoring monitors the working status of each electric equipment by installing
an intelligent meter at the main power interface, aiming to collect and analyze users' power consumption
information in real time. According to different characteristics of household user load change in power system, a
non-invasive load monitoring method based on VMD-CNN was proposed. Firstly, the collected load signal was
preprocessed and the original load power signal was decomposed into finite bandwidth subsequences with different
frequencies by variational modal decomposition method. Secondly, the low-frequency signal features were
extracted by Hilbert algorithm and input into convolutional neural network, after which different features of each
modal component were learned through the automatic learning ability of the network. Finally, the full connection
network was used to classify the electrical equipment, and the power consumption of each equipment was obtained.
In order to verify this method, the UK-DALE data set was used for experimental verification, and to compared with
different classification algorithms. The experimental results proved that the method is suitable for load monitoring,
and the load monitoring accuracy reaches 0.98.
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Fig.1  Structure of load monitoring model
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Tab.2  Convolutional neural network structure

o0 28 J2 e ZH

BRZET BB 40, BREST  10, B0E ECH Relu
BRUZ2 BRI S0, BRAZRST A 8, I R ACH Relu
BRUZ3  BRER 60, BRZR ST A 6, B R ECH Relu
BRZ4  BRER 70, BRERSA S, #IE R ECH Relu
BRUZS  BEUERN 70, BB ST R S, B0 RECH Relu
SEBEZE BHAEON 1024, BT ERECH Relu




AP B, 5 A F VMD-CNN #4543 A X, i 47 ) 5 s 31

Aty 20235 F535 FHod

RO E. b, i T PR R PR E R
T ZORNFAE RO EAR R, LN ] 1 AR 3 4
F B9 TP A g AR T AR SR S AR A I A
Z 18] 1) 22 S PR R AL, DRI, AR SO R AE 9 2%
SER BT R T RAR)R i 42 T
B 22 0 24 2 T ) RS0 e B — e 18 A, X
IV IVAISEL E2S il oo 3 ER L i E s Xy Ay b o
Rz 5 PR R A R AE AT AR L A2 AL, Ji
EAR BB, AT DB FRIE Z ] 1 R 2R
WS B4 A ) o 3 R A BB RGE  6
Bld ek =0y

X'=X®X;®---®X/--- DX/ (15)

Xi=f(X"' @ uw; + b)) je{l.2-w} (16)
o X O AR 5 XA i R 500/ D 45 B
U5 @ N BRI TLT ; O WG PHEIZ AT ;) N
BB TE ] 5 0 0 4 BN B0 3 [ B 5 b
R UZ 5 A BAZ R i B 5 /0 Relu PR
A BB B 2% 4 B o) 1 6 B A RFAE X AR IR ]
i JEE U B VA% B2 XA ) S P ] 8 Y T
RAEAT IR, #4516 AP0 oA B R AT AR e b
WS AR HIURFAIE , SR 5 5 SR U 25 BURRFAIE X't
FrAERE PR 75 2k AR X

P PRI AE U
f(x)=max[0,1g(1 +¢)] (17)

R R AR
y =S ) (18)

Ay O s AR )
YUY 77 1% 22 (mean square error, MSE) /£ A
ESIIE P NSRS N W

1
Mﬁ:FZWﬁpy (19)
=1

P o o I 208 55 9 SEBR T 35 P oAy o I 2 i
AT Dy 5 T g S R BE

BCE AL P RN 512, Dropout A 15 £
BER 9 0.5, F AT A 3 LA T8 A 550k X ) 2% 46
RUHEATARAL o {8 1] Dropout BE % ik fe 7 I 2k i 72
Hh b B 4005 A R o 22 5 22 [ 5 R Y B 0
PiRFR . VBB E RO ZRA SRR
S P[] I BRI L 45 31— A5 D HA
/N RS

4 EIIREE R EA T

4.1 SLIRINE
AR SCHYSLEGAE AMD Ryzen 53500x 6-core pro-

cessor(6CPUs) ,3.6GHz 4 FH 2% . 8GB N ££, 6GB
BAE, Windows %I iR 64 (i fE RS kA7, fff
F Python 3.6.2(64) A R 8 345 F- 5, LA Ten-
sorflow+Keras N R 22 M HELR 22255 GPU fins# i+
ALY CUDNN JE AT 0 £ A5 f) R A7k
42 SZEIFMIER

T SR P B S R R OB , 1 P2
246 %5 1% 2% (mean absolute error, MAE) . A1 %} i= 22
(relative error, RE) K51 )& (Precision ) il & 0] &
(Recall) 1 9 FI1 - 24758 (F1-score ) X 171 fay Wi 0 45
RAATHERESR bR IFA . E SO IET

TP

Il =
Reca TP + FN (20)
TP
Precision = 21
recision TP + FP (21)
F = 2 X Pr.ec.ision X Recall (22)
Precision + Recall
1 &
MAE — P(n) _ P!(n)
T;!z ™| (23)
P![(n) _ an)
RE = —— (24)

AP TP o S ey 78 LS R AT i £ B
SEATIT I ) BEG FP o S £ 1L SR rh 5 P
EFIEN AR ST I BB 5 PN g S £ LS R
T I I T v 5GP e Y S G P L P i)
NAE 1 I L5 n (952 PR T AR BGI 2 <

F [} s 3BT 7RI ARG B 3 4 [l 3, R
EMEE T 1, R BRI B P REBLAF™ . MAE 2743
% B A — I 2 A TR ZE X ARG R BYSE R . RE J2
Y %R 2E PN ESLAE Y LUEL, BEAE— e FR L Bk
I AT fERERE
43 LWERKEITLLSHT

AR SCT B SR AT X NILM AR B B2 1) 4
JEIFIETE o SE%0 53 R WA~ T I«

1) [7] — K4l £ [7) — SR rp AN [ 97 p D) 30 3%
S B e e SR L AW RN A e

2) [l — Ko 46 AN [R) 5 & v [ b 47 p D) A0 3
S ER e e S LW R N A

7] — B s 4[] — ZRE rp AN T 97 fp D) A< B 4
S IAE R AN 4 FR R —Bods e A TR 52 o
[Fi) Fof 7y Dy R B 5 A SE R 25 A N IAT 5 6 s

X T[] — B £ [R) — ZR & rh AN T 47 g 256
A AE L 1 2014 4F 6 H 2 H AL T IRz A7 H Y
VKA UEREPL OB AL T SE R Bk, F, KA
(IS AT 5 BE RIS | AR 2 i ok 28 v R

57



WA AR 20235F £ 534 ol

AP K., 5 A F VMD-CNN #3543 A X, i 47 ) 7 51 50

412 .
— E 3%l
s VMD-C N NF ] i
309F
s
M 206+
-}3
103+ ’r,, = !r. = [
0_ 1 1 1 1 1 1
08:00  10:00  12:00 14:00  16:00  18:00
KBt %)
(a)UK#f
(*¥)
1 — i
1 VMD-CNN
1761 T AL
ES
11741
-)3
587F
ok ey V—"'K
1 Il 1 1 1 1
09:30 10:00 10:30 11:00 11:30 12:00
PR
(b)BEBIHL
2020F
pJ (Y I
§ 51— VMD-CNN
i e
1515k o
ES
s1o10F
15
505F
Lk
0_ 1 1 1 1 1 1
09:00  10:00  11:00  12:00  13:00  14:00
PRI
() BEAHL

€4 VMD-CNN i fif e I 25 SR
Fig4 VMD-CNN load monitoring results

AL AR IE BIHIA 1 B 1. WE 4a iR, UKFS
FEIB AT i R v o) SR AR B i B AN — |, e i
BLEARDUA EE , BA BN B TR, il
MVERDE T 2 RE 6, B 17 B
Z=, I g W 25 RO 456 VMD-CNN [ )5 1%
AR A S50CH 5 5 DR I U, W R 551 T s
A B[] A, 0000 35 4 [ B 4 7 B A B A A7 0 o

Xof T[] — B 4 AR A [) 5 e v [ o 7 g 1) 26
P&, o I T S 58 1 R 52 JE 2 v (i ) 4 it 6
B TV B3 198 7Kt B0 7 iR AT S 30 B0E o 7K R
T H BHL TR 7 oy, LA B A AT )R] el R R
P AR A o BRI TR I R v Y B e, T
AN [ AR 1 15 28 7 AN R) 52 2 v i TR B T Ao
M ISR o S TIRIA SO 88 7 i i AR 3, 4t

58

— B
seeess VMD-CN NP ]
1812F
<
512081
R
604
0 C 1 L 1 1 1 1 1 1
10:00 11:00 12:00 13:00 14:00 15:00 16:00 17:00
FHERT Z
() KE KA
30441
— HEfE
_______ VMD-CNN
2983k B i
z
¥1522r
S
761F
0 C 1 1 1 1 1 1 1
16:00  17:00  18:00  19:00  20:00  21:00  22:00
PR
(b)KRE2K A7
€5 VMD-CNN AY/K 7520 4%
Fig.5 Experimental results of VMD-CNN water bottles
1568f .
— HEA
------- VMD-CNNi i i
1176f
2
¥ 7841
=
3921
or i § i i : i
16:00  17:00  18:00  19:00  20:00  21:00
SRR Z)
() BE 1T
— FLH
s VMD-C NN i
1005
s
670
S
335
0 C 1 1 1 1 1 1 1 1
15:00  16:00 17:00 18:00 19:00 20:00 21:00 22:00
KA )
(b)FK JEE 205

6 VMD-CNN [ b s g 25
Fig.6 Experimental results of VMD-CNN microwave oven
DL SR 25 Bk — 0 AT R L i . e, S
X HE 5 ¥E AL 5 A ST AR CNN TR A5 A5 TCNERD
DANNP, 5 T[] — £ 48 48 S 1 A [] 4 £ 1Y
SR ZE AT FR AR L AN 3 FR o



AP B, 5 A F VMD-CNN #4543 A X, i 47 ) 5 s 31

Aty 20235 F535 FHod

AFE 3 B o] LLE L UKAR SR HIL AN
VEBEAIL ) SRR PE A F 20 BCrE TR G A5 v B e i
1, 7E 0 57 1) CNN #5280 rp g A5 B A%, % JEGX 2
T =R AR RIEHE ATl AR B T AR LR Y
T far, 40 & 4 Fr e A ML AT e HLAE 10:00—10: 30
TR 30T AR ABL A By FE 3 Bl , Al ST CNN B HRYAS
REDEAT A R ), 38 i VMD #E 47 B0 Ak B S
iy A 2 CNN BRI G 130K F 435006 T 30K
HIEETT .

#3 HE1AREAEIENIEFRITLE

Tab.3  Comparison of different load evaluation indexes of family 1

A HERR CNN TCN  DANN  VMD-CNN
MAE 26.14 495 8.05 5.29
UKAE RE 0.84 0.21 0.32 0.19
F, 0.78 0.99 0.96 0.98
MAE 12625 102.45 134.44 57.21
BEACHL RE 0.85 0.42 0.93 0.29
F, 0.77 0.95 0.81 0.96
MAE 10621 101.06 148.04 34.17
VEBIHL RE 2.64 0.73 0.81 0.53
F, 0.92 0.98 0.91 0.96

FENR A BLRIXT L g5 vk, BEF VMD-CNN 1
D7 VERAK FAESr L DANN 5, FITCN $5°F . Hirpr,
DANN T2 B3 52 %P 33 W oA e R i 12 s 4
B £ W BN AR R AE , 6 38 TR TR I R i
ZT AR R ERCR R, A — e,
{HRAE R 2 F v s b W ORS f BE A R 4E TE. JE
T TCN (77 LT VMD-CNN 15 R0 2,
FFE PN TCN R Tk RS BURA dERE 32
IS P TR BHS AT RS I B, SR 0
BHE TR R UL AN A BN, XK 48 R 156, 78
TEJR R SC T B 25 5 R A . BeAh, LT VMD-
CNN B I 48 BR MAE 78 3% 3 WA 5 Hofth )y 152
AT X TR — 8RR R E | FI5KhE 2 hfA]
— 2% (Bl b K AR ) ) S8 485 SR VT 48 B %o
tbing4 . Fs5mR. NERTEIEATLUEL, BT
O RN K A7 I BB S8 AT I R F A 4R

x4 TEREREPIEN ISR L
Tab.4  Comparison of evaluation indexes of microwave

ovens in different families

FEE AR CNN TCN

DANN  VMD-CNN

MAE 10.8 6.24 25.76 10.21

1 RE 0.54 0.92 0.49 0.33
F, 0.61 0.47 0.72 0.78

MAE 2.39 2.88 3.45 3.56

2 RE 0.31 0.14 0.29 0.24
F, 0.76 0.62 0.77 0.81
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Tab.5 Comparison of evaluation indexes of kettles in different family

KEE VMRS CNN TCN DANN  VMD-CNN
MAE 27.78 27.34 95.46 14.87
1 RE 0.58 0.51 1.08 0.36
F, 0.76 0.98 0.85 0.82
MAE 4.58 5.77 3.97 12.27
2 RE 0.35 0.44 0.25 0.45
F, 0.81 0.91 0.82 0.84

25 b AR SO R LA 5 CNN, TCN FT DANN
XF LA BT AR EE PE AA45 . 1) 5 CNN A 1L, B F
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