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Abstract Aiming at the problems of low recognition rate and hyper-parameter setting of deep learning model in electric
load recognition, a non-intrusive electric load recognition model (PSO-CNN) combining particle swarm optimization
algorithm (PSO) and convolutional neural network (CNN) was proposed. First, the pixelated image of VI trajectory of
each appliance is used as the CNN input feature. Secondly, the influence of CNN hyper-parameter on model performance
was analyzed, and PSO algorithm is used to find the optimal solution to improve model recognition effect. Finally, the
PLAID and WHITED public datasets were used to compare and verify the PSO-CNN model. The experimental results
show that the recognition accuracy and average F-measures of this model are better than other models. The model
effectively reduces the confusion between devices and has good recognition and generalization ability.

Key words image processing; non-intrusive electric load identification; deep learning; convolutional neural network;

particle swarm optimization algorithm

5] . Fw AT R AR, NILM 5T HL &8 o 2] SRR L R

o T AT A K AR )

e [ 28 5 19 PR e R 0 45 5 E AE IR T 2 5L A
I A R AR URE AR b, SR 1) O S s B AR B
015 B, JH P AR AT AR 2 R H A N SR W DL D BB AR
O 0 5 e L BE T AR L AR AR A SO A I (NTLMD) $2
T 2 5 A SR A e 7 58 A D A R I AR

[l 49 81 2% # 75 NILM 408 6 47 T 5 i (0 52 T
M. M54 5C T 2 B HHHRAE BRI , I B A0 45
e S B A AT R L SR 3 P b L
L BRI A6 RS oL O (L5 A 57 70 10 B0 7 A
i, (FL G HE AT A AR50 2 4R 6 . Sk [4 )% VIS

s HER. 2021-08-27; fEE BHE: 2021-10-22; FRAEHI. 2021-11-08; MEHEZBH. 2021-12-10
BEEWE.: EEESULT O AR RSE T A8 A)(2017YFC0704100)

EEMEE . xby5s@163. com

0210001-1


https://dx.doi.org/10.3788/LOP212374
mailto:E-mail:xby5s@163.com

W5 2% B B R X BR P A S Bh S R R AE 2R AT T I 4N
R R R ST 5 0 5 5T AL G ) AR bR RN R
fE o) 7 I AT T X b, SIS S5 R B, VIFLE (1 TE
RAFAE X G g (0 RR 0 B A B X, O BA R B
WRE ) o SCHRLS 133 VI e 30 i Ak [ 46 L - 3k
5,0 HAE A B A . SCHk [ 6] 78 SCmk[4]3%
fith 1 B MBS BT R AE R 4 Ry SRR A ) S R
WA AR LYY R IEAT e, S5 SRR
VIFE A A RO 6E 1 o A& 5 Tl TR 1E
P RS 1 T X IO A e A5 R (LS T e S e
IE H AR T RFAE B2 LR 0T R X M 7S A O s A 2oy B i
PEN S PR BE 2 ) () P & R A NILM #2436 7 7 B8 % .
SCHRLO 18 BP il 28 W 2% 6 AR 22 M 45 (CNN) 43 5]
XFT R VI S AT FRAE 2 H Al &, T I R A R AE
YE R - B SR 0 A TR AE o SCRRL 10 DK FL IR 5 5%
e ok e 3 AR 28, B CNIN R 47 45 i 42 B &, 7 1
125118

TR FE Pl 22 ) 24 0T 38 43 1) K a0 g B0 di AR AR 42
BRI BB 0T 47 b 3R TR B A S O RIARRIE . AR
W BRI S RS e A EE &0
KR HH A A SO B Ok 4R B SR
W . BRI 2 ) AR A] RE A6 2 BOK i ) 1 A7 )1 2k, A
A% 258 0% S 38 2H Ay O R ALY AR By B 4 ]
AN FLA S AR RE T .

FF CNN 3 K ) B2 BURRIE BE 71, A% SC 223 4 R
TR B (PSO) X B S BT A& 4%, JF 2t
ST —Fp PSO-CNN 7 faf PR BIAR AL 5 S0 2 o 4R
FEECHE 2 IO 28 VIBE | 6 A 1 g F Ak R AE
5 CNN Hir A 5 78 W 45 Yl 2 o #2 b, ff A PSO X CNN
FEE S AT A R, IF DL &5 R M i PSO-
CNN #5& 8 JF 17 4 far B IR 5 e J5 4 T PLAID \WHITE
B X2 AR R AT X LB IE

2 VIFUE R R ALE B

AH B AR , VI RR A AR B 4F b S B 5
F U R PE TR AR T 5 ok B VT A O A A
BN o 7E O A TS JE R R RE IR ) BE PN 48
RS RIS E VIFE ., Scik[12, 14]%, VI
0030 A T 55 ) PR T A R DA 1 B BT B o i —
A R R s HOR B gk i . BT IR R Lm
VIS, $2 505 500 /3 22 80 42 K 3ot fnep
e AT R A S R AR AR S A B R A 3C
BRL 141 R R ARG o S B HES Al 1) &, B A Oy
REmIATRAR 2K,

ZR0Y R VIFGE B 6 15 B 46 0 A R
MIAE S G5 B S e o R VIBGEAE B A WF 58 %t
ZRTE AT T — et . S OCER[ 12, 14 M A
1% BLAT ¥ S A8 A R, B B A AT

1) RS % 7 — & T i 1] B 9 /Y A s VAT ER,

$£605 F2H/2023F 1 H/HAESBFFHE

W1
2 ¥R A — k. Ve[ — 1, 1]0€[ — 1, 1];
VHI
U — ’ (1)
max| V|
I,
im: R (2)
max| I |

K.V, L, o3 5 R B o m AR B R B
T A smax |V | cmax| T |43k Bds b el A 3 446 o i
B e KA 50,01, 23 90 R 58 m A R ke ST — Ak 5 1
JE R AE -

3) il A — 1k B B A VIFLT

4) 5 22 X IR K 7 5

5) i I3 4 R A AL, A R A SUTE RS BT [
N, S B ITAEL N 15

6) IH— AL ITAR I (E , (B ICA% 1Y e KA 1.

BT RR T vKE SR8 XT (CFL) By 56 B X6t L o

3 PSO-CNN 1/ fa 5 51| 5

3.1 BRMWENLE

AT CNN &k B 5 0 58 KA 34 A 53 #E 57
T EE T CNN 1y £ fap 12 00 A 58, JHE R 28 45 4 4 5] 2 i
NLIZRB FER 2N ER)ZE 2D )E A LA
Dropout J2 21 1% : 1 HL 15 % 18 % Ak R AE S 5880 i A
(n X nJi B, n="50) ; & FL)2 F R 48 Ui A5 BURRIE
H 52 E)Z N E B XNETEBZE A1 S5
) Jmy 0 2 12 T X T e A N B 1 3 A X 3 b i
$ 07 SRR 2 2 J5 B 4 B X i A Je S R AR 2 AT B
SR N o R A7 B R CNN i &S 2 — , Ron W
26 A [R] 28 oo 0 i MR B A2 3 B KON #f 42T
JEAZ W B R OR LT RB 25 T S A R i R E
1R B RRAE 26 B KN 5 20 K 3 52 i R AE [ R &R
SRR B DT S R A R AR SR AR . kA,
B U MR R RE 2 M A B A Bl K2 Al g
2B GIRE )R RO 3G M %2 B .
Ak )2 X 3 FRURR B A7 A 2 SR A R E A I A B Rt
AT Bt Ak 45 5 v (0 7R B8 BURRAE o B v, B R Ak
TESIREE Z 0 R, A R TR S IR E
AN A TE A A A KN K AT DLTE R B
B AE B Sk b R AR EH 1 F 05 2% B[R] B2 )
IE AR 22 S B A2 B . FE 25 I 2R, Dropout )22 38
I O 5 R B E)Z T AU R X L R
A TAE LU W 28 32 55 (B 1k i LA, & R ER 1Y
Rl AL 1% o 1T RE S BRI R UM B A E . R 2 E K
A (K AN Ta] 3 £ A8 i) (8 H softmax bR I
AR ETE 0~12Z 1],

A CNN H2 U B8 77, 75 22 K4 i 1 25 55 i it
Heog o) o NIERREAR X = (X, X, oo, Xo) HIRI AR S 1=
(21, toy ooy ty), b X, B # VIFLE AR R ALEIR 2

0210001-2



2H1/2023 F£ 1 A/HESXBFEH#HRE

%605 F

1.00 ‘.@)— - o
0.75
0 5 10
oo 0.50
3 g
) | o
refrigerator 5 . %
g 025t 2 %
> —050f z
0.7 =
_1‘00 [ ‘. —a 4 — " - _— - - .
-1.00-0.75-050-025 0 0256 050 0756 1.00 0 10 20 30 40
Normalized current Normalized current
1.00 f(p) 0
0.75
& 050 & H
g 2
E deh S 20
CFL E o E
g -0.25 E 30
S -050 3
-0.75 40
-1.00 )
-1.00-0.75-050-025 0 025 050 0.75 1.00 0 10 20 30 40
Normalized current Normalized current
B 1 UKAE S ResT VIl e doR BIE . (a) (b) VIFLE; (o) (DR FEEIZR

Fig. 1 Schematic diagrams of VT trajectories of refrigerator and compact fluorescent lamp. (a) (b) VT trajectories; (c) (d) pixelated images
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Table 1 Hyper-parameters to be optimized and their range
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initialize the particle ‘

VI trajectory weighted to be optimized
pixelated image
was extracted

!

the training set is
input to CNN

training CNN

N

Layer Hyper-parameter Dynamicrange
Number of convolution kernels 30-150
Conv Convolution kernel size 27
Convolution kernel stride 1-4
) Pooling kernel size 2-7
Pooling . .

Pooling kernel stride 1-4
Dropout Dropout probability 0-1

| calculation fitness |
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convoution
pooling
convolution

flatten
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Table 2 Parameters definition of particles in PSO

Particle .
parameter Parameters to be optimized
al The number of convolution
kernels of convolution layer 1
a2 The convolution kernels
size of the convolution layer 1
a3 The convolution kernel stride of convolution layer 1
ad The pooling kernel size of pooling layer 1
ad The pooling kernel stride of pooling layer 1
a6 The number of convolution
kernels of convolution layer 2
o7 The convolution kernels
size of the convolution layer 2
a8 The convolution kernels stride of convolution layer 2
a9 The pooling kernel size of pooling layer 2
alo The pooling kernel stride of pooling layer 2
all Dropout probability

PSO b CNN By 3t #2 4n 5 3 s o H AR 25 3%
mF.
1) % % 35 48 08 17 74k B, BB VI B R 1k
EELE

2) BN R AR hy 45 5 A

3) WA AR TR

4) TR RLT B 3E N BE R, IR0 U 18 N R (R
Y R BB B S i B 1H 5

5) W B HP S5 e (4 3 I LV Ry 4 )R e A

6) AR =X (4) A1 X (5) BT R+ A9 A7 B RN L

7) K BEAS BIORE A 5 B A 5 O Dy s e A AT LG
A AR Ry, ) AT R

8) B B AN TR 1) 35 1 BEAE 5 D7 sE 4 Jmy e L R AT
P, an SR W gk A7 B 46t

9) o i B 2 1k 45 (Gl ok B 1A 10 e KR

|
|
|
|
|
|
|
|
|
|
|
|
| :
| pooling
|
|
|
|
|
|
|
|
|
|
|
|
|

d
dr,‘i]‘,‘ﬁ‘fn fit< A or reaching
dense the max number of
| | iterations
J ]
' |
[ update the weight | | |
' |
' | v
end conditio : | | update pbest and ghest I
|
Y I |
| I N
| model training completed || | update particles |
o e | Lo s s sunn s o ¥
CNN PSO

B3 PSO-CNN U AU I 2t e 2]
Fig.3 PSO-CNN recognition model training flow chart

UE) WK 1] 25 B 6) 4k 22 04T 5

10) H0 7 et fie i F CNNGEB 2 508% B, 5%
W 2 R AT 1 47 TR o

BE R R E AR BN 30 kT8 K/ R 10, w=
0.73.c,=c,=1.45,

4 S g R o

4.1 HBEERTEMIRE

3 F PLAID™ \WHITED"™ /A JF % 4l 45 5 iE A5
R GIMERE . PLAID £54 48 DL 30 kHz A >R A 5 232 )
BT 1R R A B 2 R A W B R & R
A S YR, AR 1074 4808 . WHITED % 4
DL 44 kHz A9 SR BEA0 R0 5 T 46 FhAS [] 25 75 B 2% 0 H
JEARUEE i, 6 A 5 & 2 /000 10 %k, B 3L & 1100

MRz AL PERE I o B — &8 LR E" . T
PLATID 4 5 42 5 & 3 (3655 7)), o] DL E e .
WHITED %44 42 3% A A5 7 B 245 90 78 i 8], AR A 5% 6 7
(] B B0 B R 9, X IO g o 2 AR A % 11 e KR
Bt AL 43 TG 00 S A5 A, S S B A 20 R R A S A,
830 2% i £ Fh et o o8 I ME B 2R (Ace) A SCHR [ 19 42
1) F-measure {EAE A B PEA A5

WER R R ER B E S BREARED
Eb ] -

Ry.—2, (6)

0210001-4



U m R R A 2 E B BB s A FE AR BB
45 i B F-measure {5~

Nrp
i:#v (7)
NTP,+17\/FP
NTP
R=+"T" (8)
i\]T])’+l\]F\
PR,
F,=2- , 9
P,+ R, (9)

S N 7R FLSL (R IEARAS A6 5 000 /A1 J2: 1 B
A Bt 5 Np 8 HIAR R TUREAS 4508 000 {2 1
FEAS 9 R 5 N 78 BLSC(E JE IEREAS A0 0 000 i 2
TREA ) B

W) A~ 1 1 9 - 2 A

Lo
Fl'mcaHZZZ;;:ng’i’ (10)

AL R A TR A BIREGE,  RoR ik
F i B g P B F-measure fH o

5, WA F-measures 4 £ {H |, 15 3] 22 W
PIE F e :

mezi Y F e
T 2= F

A A SBR[ A 2 A Y B
4.2 KWHRHW

Sk S8 T B T YA A AL, 435 CNINL SCRik[ 3,5,
T4 TR S g R B R A7 T X6 Bl 4% 330 i LU v A R
F 3R, Hirh CNN 5 PSO-CNN #2815 B 2 4
JiR B FUZE S BB R AZ B s AT I R A 5 TR o
2% 3 A1, PSO-CNN 52 5 (1) 35 51 % BE O T JH At B2
B AE PLAID B8 48 v, 1R G e %68 93. 20 %, 4
BT CNNLCHR[3,5, 4] Bk n s T
6. 724 H 43 a5 17.38 4 H 4 L1549 A H 4 A

(11)

$£605 F2H/2023F 1 H/HAESBFFHE
# 3 BBE PN MR X

Table 3 Comparison of recognition accuracy of algorithms

unit: %
Model Recognition accuracy
PLAID WHITED

PSO-CNN 93.20 91. 69
CNN 87.33 82.17
Reference[ 3] 79. 40 72.01
Reference[ 5] 80. 70 72.98
Reference[ 14 ] 82.40 73.01

#4 CNN 5 PSO-CNN #5052 1t

Table 4 Comparison of hyper-parameter information between
CNN and PSO-CNN
PLAID WHIED
Layers Parameter -
CNN PSO-CNN CNN PSO-CNN
Number 32 50 32 64
Conl Size 5X5 5X5 5X5 5X5
Step 1 2 1 2
Size 2X2 4X4 2X2 2X2
Pooll
Step 1 1 1 2
Number 64 80 64 120
Con2 Size 5X5 3X3 5X5 3X3
Step 1 2 1 2
Size 2X2 2X2 2X2 4X4
Pool2
Step 1 1 1 2
Dropout Probability 0.3 0.5 0.3 0.4

13. 114 43 5 s 78 WHITED %4 4 vh , o 5 e i
FH91.69% ,MHET CNN CHR[ 3,5, 14 11y 0 2K 8 1k
SR T 11 594N H 43 AR .27, 33/ H 4 .25, 644
43525, 59 A A3 .
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Table 5 Comparison of number of convolutional layer parameters, receptive field, and running time between CNN and PSO-CNN

Number of parameters of convolutions

Dataset Model Model receptive field Running time /h
Conl Con2 Sum
CNN 832 1664 2496 11 0.17
PLAID
PSO-CNN 1300 800 2100 19 0.25
CNN 832 1664 2496 11 0.15
WHITED
PSO-CNN 1664 1200 2864 39 0.32
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