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T T DL 35 BUUE ) ( Bayesian Information Cri-
terion, BIC) A4 00 53k | 38 4o 1158 isf (B] 7 11 P9
PR fi AR FL , I fin AR 5 2% Ji A% 7]
FHEAT IR BRI, 645 T AHEE T BT A1 ( Cumulative
Sum, CUSUM ) 532 5 i (9 i i 5 RT3 2808 . X
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AT 28 R T — PR B I 12 (Fea-
ture Selection Algorithm for Detection Purposes,
FSADP ) MEHUE T B RHIEAS 1, 6 BIC, 2454 T2
¥ 56 ( Hotelling T test) , CUSUM Fl145 % 5% 7% ( Effec-
tive residual ) PURN 7 vk AT ARG | 7EBEHR & 38 1)
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term and Short-Term Memory network , Bi-LSTM ) , [F]
I B AT $5 AR DD A D Zh 38 e Th D e Fi g,
TIEIEAE Jy i A% B, 6 22 RS F/ N D) 38 H st B
o T IR (E 2 X0 T S A G O B ) S SR A
o EIRAIEXS T AN [ A A8 T B I AN [+
AR, 2 2% B 5 vy FLAR R b 2 TR R Ok, SOk
(L] T — e FH A Sy U A AT SR ] 4
Fp 25 ] 4% ( Convolutional Neural Networks, CNN)
SEHE RSB T G 2800, AT LASRAS 0 F 1Y
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7 BB SR g b 8 A ) R, R AR SZ B
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AR TSLPRERE . 5 E] bk ), L 215 0
FEERER b AR SCHR T — B A I 1) o A
Z M ZAGRLJEAT A 0N o A S A T sh v 1
( Window with Margins ) [12] & Hotelling T*> B 454
PEAT I, Bt T — g B R AR Y
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FEHEATHEREIIA, B0 0E 1 5 E I A A ALRAT 92 PR
ERE RN ATYE . B YN ZRAn R T A g A
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AT 85 Kt Ak ( maxpooling) , Wi AE S — AT SR AE
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Fig.2 CNN model
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XF T2 45 R R, AT LLGE oF VRV AR B VEAL . TR
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2 %, WT DA B UL SR 21 3 Bk R B

K18 ( Precision Rate, PR) , 37 T A K 5
4 TR IR S 2E 0 L B 5 43 19138 (Recall ) , R T
AR PRSI B, XA R bR A
T

TP
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(13)
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Ao, TP 5 E A R 3 SRR I A T J5 RS B 5%
I FP ORI A 0 S R IR AT SE B o S PR S
IEICEE s FIN R 43288 Ry O DAY T 55 B ol FF i R 280
TN SR 5325 S P HL S22 5 P 1 5t
R0 A B2 A S0 5 TR BRI 25
JHE W T ME LATEAL  F1 4380 (F1 score ) J&3X 4
EAR AR AT S48 e T TR AR
2PR X Recall

Fl=———— 15
PR + Recall (15)
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SRR AR B 0 A S5 O il 22 I 6 AR 1) Ay A AT
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BT 1 Zad AR P 8115 A 1 PSR (A
g, o JEREFE A YR A P DA R R PR,
{HZ AT R B0H MR AR, S TR PERE , SO
SRR T B LA = A I A T RS R

1600
1400
1200 -

Z 1000}

800

600

400

0 2500 5000 7500 10000 12500 15000
t/s

K3 BHAINRES
Fig.3 Power signal on phase B

TESEAE R B TR M2 g, thERIE 4
N, A RAERAE R AL g, BhZ™H T RT BH b 1Y
WAL, AN TR 2 A S DU Ak mT AR 2 A=
T,

1500 |

1000 |

PIW

500 -

0 L_pem——rd ) . . . b
0 200 400 600 800 1000 1200 1400 1600
t/s

250000 F
200000 -
150000 F
* 100 000 |
50000
0k ; . . . . . .
0”200 400600 $00 1000 1200 1400 1600

K4 RAEMREIIRNLS g, thk

Fig.4 Power curve and g, value at events

>N Hotelling T*, BIC, CUSUM = Fh4& skt B A
S EUE , BAREE I 2 Fis, 76 Blued £054E
BT =RV, AT LA I ER 3 s AR, st
IEE AT IR E, 78 A MBSO 4L
B, = Rl A L X U Bt O CR , e cUSUM 8
ERIEAE WAL T Hotelling T2 243 (H2EHE R A,
£ B AL, i 2 H A 4%, BIC Bk MER R 5 H
MR W R, ANFF 6 SEPR PR RE R oK . CU-
SUM %48k 19 4 B3R g A T Hotelling T 53035 {H 2 v
W% L Hotelling T 254022, %5 i WO MERR R 0] LLJE,
A UL 9 38 AT ORI, 36 P RE A BR
(i AN FEL A R i 2 S RE 1
3K, AL Hotelling T* B3k 7S brg e B HA
e,

2 EHRNEENSH

Tab.2 Parameters of event detection algorithm

Fi: Hotelling T BIC CUSUM
AH A B A B A B
n, 24 90 24 90 24 90
n, 8 8 8 6 8 8
n, 8 74 8 78 8 74

h 800 100 1000 80 10000 100

R3 BHRNERER

Tab.3 Event detection performance

H3L Hotelling T2 BIC CUSUM
AH A B A B A B
PR 0.923 0.636 0.888 0.102 0.956 0.464
Recall 0.985 0.954 0.991 0.684 0.992 0.961
FI  0.953 0.763 0.936 0.178 0.973  0.626
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AT FEAF T AR AR IS e R Y
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GBI M 28 B 4548, DL S LT Blued £540 52 X0 52
RUBEAT YN ZR AN 0 235
3.3.1 ABAZRMEHL LM

A I B3 A 30 A D A g ) e e T
AT ZZ I T80 et BT AT ) v A9, it AR A SR 52 11
AT AT, B 5 R T A SCR s AR 2
WL8 2k, AT PR 8 23 45 2 B, 483 2% pR B Mol FH 32
S BB, 6T AL B A AR R 4 A AR T (H
Hh Ry SEORNE BS54 .

() FAJZ T 532 fan A B, i i A Kt
ARG, HIT A FH RGBS gy A RSE R 4 800 1, B
FHEYRSE R 18 0001,

(2) 42, I BB S HOR R, B R R
H filters =2, H I R 5t kernel _size =20x 1 , + K
strides =1 ,@ﬂ'iﬁ?ﬁﬁlﬁ/l\@lﬁ%%ﬁtﬂ S AR
SF—2, B padding = same , #475% PRECH RelLU pREL,

(3) MALJE X 1 4Ef5 S AT IR R E AL, A
FRIFP TR RAER T pool _size =32, 25K strides=16,B
FHBHRI R T SR AE KT pool _size = 32, 20 K strides =
20,

(4)Flatten 2, I T-Hf A P #8042
H 1Y) 22 18 38 B0 T O — R

(5) Dropout J2 , 2 Bij 1k 3 80 & 78 55 R I 2k ) B
BLWTIT — % Le i) (p ) K08 i 1452, A AR R rh p =
0.05,B i+ p=0,

(6) AERR)Z A MBI S V=128, B Af
BRI N =128, 0 RN RelU pREL,

(7) A4 )2, A FIBERS S8R V=32, B A
B N= 64, 35 PRECH RelU pREL,

(8) 2, A FHBEAYY i K V=35, B FHFER
N=11, 5 BRECH softmax PREL

ReLU HJJ 4k 14 %% 3l #. T ( Rectified Linear Unit,
ReLU) , J2 Al 28 [ 8 A5 A0 v i A0S pR AR, RERIRHT
TR BEIH 2 0] 8, HL iz B 3 BE AH 4L T sigmoid , tanh 55
PRI PR, He R Ak N

f(x) =max(0,x) (23)

softmax PRECHE T 2 0 BRI D)2 B
ZAM T a2 (0, 1) X E], FRon B T
SYSERIMEAS P AR 1 s A AR
REIMERAR IR LR LA E B R E T 1,
HANIEE R 0153 70 845 R Ay MG, /55 LB
B B 0 A 34T X FE 43 AT softmax pRIER R IA X
M

e

Y= 2y = (24)
Eex] i=1

j=1

—HER R
HISEH: ReLU

AEEEE
BUEEH: RelU

LEBEE
BIEERH: ReLU

EHEER
BE RS softmax
5 CNN A1z fy
Fig.5 CNN model structure

3.3.2 fimRHNER

ASCAdH Python } Keras SEER T iR i) 4 22
2RI AR B NVidia GTX1080t H 47 11 GB
WBAEN GPU _EH#EATUIZR, I 2RI 2924 10 min, Y|
RJA Y A AR KN N 986 KB, B AHAR KK /NNy
2 840 KB,

A FR U R 25 SR A TR VA AR B AN ] 6 T, B
RN ATV TIIN (%) L 25 P 2 DN 2 7N i PR AR 1) 5K
PrRanss, B i BUE B 2 7 IH— TR AR B, R A A
KA T R AFFRZE R LB, R4 R T
A MR et RE

F4 AtERBESEELEER

Tab.4 Identification performance of phase A

PR Recall F1
Jet s i B 7 1.00 0.99 0.99
V] 1. 00 1.00 1.00
2 SRARAL 1. 00 1.00 1.00
FL IR AL 1.00 0.95 0.98
9) 1.00 0.99 0.99

B AL RS A2 2 HAZ 2% A7 A6 R ik A 3L )
L, SR UN S R ARG FE M AN &l 7 s 36 5 J&
T B AHAS AL AR B EREFE B
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LR " Keras SCHIBIRIEL AL AL C 18 5 RIS IF RS, Bk
% A RN R STM32 Z B AL BRZRHE 4L T B B AL
[ 08 (00 B AR A AR K 1 STM32CubeMX , Y JE D)
o fie X-CUBE-AI AJ LA 32 37 ) TR J32 2 > HE Z2 455 7 e
w N FIFHEBN TR C U,
2 wemmam 04 Y STM32F407VET6 fiAb 3 gs HA 512 KB
R 005 . f) Flash #1192 KB ) RAM , Bif 45 55 5 d 5 ] 15 168
MHz, BEFEESE 3N 4, H0 6 4 YN 2 4 (4 455 700 6 44
" FEEEH S A MR R 5 ] T 84.29 KB ) Flash %

£ BEp OUKE S HRR T
LTI F 4l
A

K6 A MBI 78 R

Fig.6  Confusion matrix of phase A

2.9 KB 7 RAM, B fH# 4 5 H T 267.73 KB 1y
Flash % 7.7 KB 1) RAM,, 7EIASE hREHLPRLE T 2
000 4~ A AHEEAS K 1 000 41~ B AHEEAS , fiab # 25 Hif
BPSTR R 168 MHz, 7EHk A Ui 4 L is 740 28 X 4%
BEARY A AR 505 17— IFERT 58.295 ms, 41

VA — AR SR " ‘ B - - e
R HERefEbR N 6 iR, B AMARRE-HAE 17—
o8 UCFERT 207. 898 ms, 73 R MERBFR AR N 3% 7 P
PR S AT A5, 2800 He 4 RN i 46 J A5 78 2 g Ak
06 REA N, A% EFR L AENSEFRITE T, B
RIyIa A7 ) AT DA AR PR RE T oK
04 #6 EHARIEE LIETH A HEES KM
Tab.6 Identification performance of phase A
02 running on embedded devices
AT 0 PR Recall F1
*@ﬁ&oaﬁ%aer%‘&’%“&@&@@ P 5 B ) 1.00 1.00 1.00
QLU% < VKR 1.00 1.00 1.00
,@ AH . . .
Bl 255 R4 0.93 1.00 0.96
7 B R R I A LA 1.00 1.00 1.00
Fig.7 Confusion matrix of phase B A 1.00 0.9 0.9
%5 BiEEESRMEAIEER ®7 FEHRAXEELIETH B HRIBFRSEMERE
Tab.5 Identification performance of phase B Tab.7  Identification performance of phase B
PR Recall F1 running on embedded devices
=ps) 0.94 1.00 0.97 PR Recall F1
TEPEN 1.00 1.00 1. 00 HIT 0.98 1.00 0.99
PATEY) 0.85 1.00 0.92 N 1.00 1. 00 1.00
AR 0.87 0.98 0.92 AT 0. 85 1. 00 0.92
LA 0.96 0.93 0.95 TR 0.90 0.94 0.92
£ 2 H i 0.91 0.95 0.93 CER) 0.97 0. 90 0.94
ERLiN] 0.77 0.59 0.67 EEE ] 0. 88 0.92 0. 90
FTERHL 0.98 0.97 0.97 TF-HE LG 0.71 0. 68 0. 70
RS 0.90 0.95 0.92 FTEPHL 0.99 0.96 0.97
1T 0.92 0.99 0.95 BReE 0.90 0.91 0.90
3l 0.98 0.95 0.96

3.3.3 REEHERMEE
T i 25 ) 2 A5 R 2B B B T STM32F407 i
AbF s 1k ARG L, 75 AL i Python Al

3.4 EBEEERMEREITM
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Tab.8 Overall algorithm performance

PR Recall Fl
A 0.90 0.91 0.90
B # 0. 86 0.85 0.85
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Implementation of a non-intrusive load identification method based on
event detection and CNN model

LING Jia-yuan, PENG Yong-gang
(College of Electrical Engineering, Zhejiang University, Hangzhou 310027, China)

Abstract: Load identification is one of the important tasks of non-intrusive load monitoring ( NILM ). Considering
the cost of deployment, load identification algorithms need to run on devices with limited computing power and
memory. This paper proposes an identification method based on event detection and Convolutional Neural Network
(CNN). The method is implemented on an embedded device based on STM32 MCU. Sliding Window with Margins
method and Hotelling T° test are used for event detection. Then the detected events are identified by the CNN mod-
els. The trained CNN models have to be compressed and then deployed to the embedded device. The performance of
the overall algorithm is tested on the Blued dataset and satisfied results are obtained.

Key words: non-intrusive load identification; event detection; convolutional neural network



