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Abstract

Event detection is an important part of non-intrusive load monitoring and identification. Aiming at
the problem that multiple events cannot be recognized during the operation of washing machine,
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this paper proposes a mixed event detection algorithm based on the operation of periodic poly-
morphic washing machine. Firstly, the start and stop waveform is captured by the CUSUM algo-
rithm, and the shapeDTW algorithm is introduced to match and identify the periodic waveform,
and it is stripped from the total load data. The method can avoid the influence of periodic wave-
form on the detection of other electrical events and has high adaptive ability to identify unknown
periodic waveform. In the case of multi-state washing machine participating in the operation, the
simulation analysis and method comparison of various characteristic loads are carried out. The
algorithm ensures the accuracy of feature extraction and has high detection accuracy, which pro-
vides a reference for the optimization of event detection algorithm.
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1. 5]

Bps i 53 AR R AT N KXF Rl JER A e I I[1] (Non-intrusive Load Monitoring, NILM)
EEMALB AT . CHERAE. AR DA HABAE OGS B . NILM K ThFE R B AN B 5% I DI FE,
RN G WA L G RRAS, 5 Faeds. PRER4Ed 0. NILM 2EAE 3 MBI, 4l
A RRAESR IR G R o R R AE SR EUR G407 1R 500 5 40 38 AR AR A A Ak, DR, PRIE SR
PRI PRI AE R E R NILM 30 F) e 2 Ak

H TSR E A 2 B R AR A Ty . BB — R BENEIE T BB, il F
XHE S RASK ZIFEAT R . AESCHR[2] 7, 80 oh B AN R B AR R TR ZE A 1) 2 0 B R A DU A T Ty %
SEH M, REHRIL S TR CRET R .. BT RN 2 PR ZE R, K E WA E
ORI 45 IR AT R . R R, IR A R T R R R B [3] 0 T A R B F AR I 7 A I — A
¥ 5 TR B0 AT B A0 SR AN R AE I Z, AR R — RGeS AR . 7E NILM
ST, FER 4FOERTRMNESEGES BN | ISR (Generalized Likelihood Ratio Test,
GLRT). KHMAME. V5 B HEN] (Bayesian Information Criterion, BIC)F1 2 i1 #1(Cumulative Sum,
CUSUM) /7%, GLRT sidich M- ¥R 75 A8 4 BT i 6] BOME 2R 43 A1 Ll 28 v 5t — AN e 5 R HORAS B
AR R A [4] [5] [6]0 7 H00 G D0 55 A2 Je Jok S M 79 A AL 408 T 10 75 2 6] — AN 23 A SRR F 44 [ 7] [8] [9] -
BIC i Ky il 20 i) BEALIE AT BRI 43 BIS1 50 v B, A8 PR 28 5 24 5 72 31 P UL SR T D bR 03R4 T A1)
WT[10] [11]. CUSUM SR i o 1 Wiy 221+ A0 75 o B (R R A TN F 7 [12] [13] [14]. PISRTTIERISE &8
FTRE &= A AP IEE R, SCHR[15)38 FVR A BRI TH B T8RS AE, v 7 RIS 56 T sl
Mk A T ) ) ) A o SR [ 164K A8 FH AN R A 28 ) S A 00 88 S e e < ARSI Mg 75 7 () 4

FRFAANRALE BRI Z WA — AU R AR (B Rl AT R [17], 2R
TF o2 J5 ) SCP (Switch Continuity Principle) [1]. SCP 5 /7 P #8742 B0 . e %
FER LR KA 9<[18], & F P e I B 2 AN i fr [ R AR S AR AU, g A LAAR L, 3% SCP
ANHEOL, EE RN G ARG R AR ML FRE R S R, ARSCHRH T A X R

Tk
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BATHREFAIN k. SeKH CUSUM SLidilift B A=, SI\ shapeDTW L2t 2 o (1 i #3135
FEHEATVLEC IR, FK T MR ST Al o R85, PR CUSUM B33t 88 I (10 A A7 r el S el o
FESL T B IE LA IVE RO 2 B 1 SR AR R I G A TR S o e S AR 98 IE 1 5V A R
2. ZAFENZERSE

B AT AT RE S Z R TARIRE, Wy pLlseik . T2 74 B A B M F= 4 2 NS4,
W 1 TR . TN — N ERIRIEELAI N 1s, HIFRZIA 1s. MRFTHHEAMEES, 7E 2 s B fafE A,
/A 2 A HL B RN R A RS AR .
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Figure 1. The power curve of washing machine operation
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3. REEHRNEXE
3.1. CUSUM 44438 5%

B — A B (TR BRI 811 = {i( j)};, E AN ES BN E H Wy (IME TS E) M
Wy (BRI E), FHAES A8 m A ne 2B HANE H R RME M AT Mg, W13K(2). 30(2):

> i)
My == —— )
m
k-+m+n—1i ( J)
M, =250 )
n

s k I a] 7 1 (57— KA il
A€ g A g TR AN, ot 507 K@) @) Fis:

gi =max{0,g;, +M, ~(M, +)},0; =0 @3)
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g =max{0,g,, —M +(M, - B)},g, =0 @)

X BRANFEGINIIRE RS, eoR1% BRI [A) 5 21 FELARUAG E INF I8l 7K P

DN NG, 2 g5 =0, AIE HME Mg KT M+ I, gl THIRR T . AREERII 7 K ik
BRMEE H H0<g <HK, SHAESRAERTTR, B2 RHrA & AR B e SR A
(LR , LRI 5N 1A ZE 3R A7 d (WIURME R 0), 240< g <H I, 4 d=d+1, it g, ,» HE g/, >H»
MR AN ZI AR t = k —d BIHER o 8 T 87 AR 5 2B 2 R0, ST AREIR 1),
SEIR PR FRERGIN 1, HREEXS 9, q M Oy, q BEATEOBG IR 0904 < 00, > T REI 250 5] i H AR
, HH% 00,4 =0,d=0, MiMkES% 1 HBEEBEN TN Z RN EE . CAASRT NSRRI 51 178 3h &
Wi CUSUM SRR IIRAE WM 1] 1, AP BR A A 5 AR L, AT R BE .

WEE RN 220 CUSUM il i) R, % K RT DU RBGRETTF SR IR s2m, {EDNFE A SN R
B, RFAE O RPN, SEURI . RARYEA R AR, BEE RN

3.2. shapeDTW &%

) 25 B[] 0 B 7% (Dynamiic time warping, DTW) & — Rl e B AN 8] 7 41 2 T3] 48 2% de f: b o i vk &
F— /N R B B B AR AR P 51 2 TR AR . i TR AU R IR 4 B - B R iR AR Rk 2k 1, TR
DTW 1] DAAR G fife s Je 5 4 i (7]
BT A X Y IR A My Ny BEX = {3, %, Xy b s Y = {0, Youre, Yy | o AIE UK B 25 4
FEARHYHERE CMN et C (i, ) A2 xi Al y; FIBE S :"yj —xi”2 o |, Fo 2 E
WX AY Z (Al (a2 i A
P=(Pu P P ) ®)
Hs pe=(ic jo) el 2 ipx{L2,, j}
TH SRR B 5 B R A, SR AR =AY E I, n=(6) BT
Py =(1’1)’ P =(i: J)
i13i2£"'£i|:j1£jz£"'£j| (6)

Peia = Pe € {(1'1)'(0’1)’(1'0)}

PSP EAG B I ULEE, 75 LA R R A /L (L, DA (M, N)Z RIS — 2R ARk 3R A
BN RTIEE .

R (7)o R RN, Y Bh AR S0 200 i LR R XA Y 2 A R B AR DL AC B A2
TS AR R B BB RS D(M, N, U XORTY 2Z [H] (¥ DTW BB FT LAsE L9 DTW(X,Y )= D(M,N)/L ,
Forb L BT AR AR KK

D(i, j)=C(i, j)+min{D(i-1,j),D(i-1 j-1),D(i, j-1)} ©)

A IR 5, DTW SEAE T4 A A DT FC 6 420 1 [ B o) 55 7 1 I i) 3 471 PR 85080 i, A5 B AT T2 T 1)
“BEES” oMb, B 2 Bros.

DTW SATE R 4 N3] T &R BRI, H e A —E RE LI 3 & FE A ULAC . R 7E ST
PRS2 74— SE RIS 0L, SR Z — RN DTW 8900 53R 4 5 S e At it B ar e A4 i [19],
W E 2(a) . AT RRURIX AN R, ARSI N T shapeDTW H3:[20]. shapeDTW HiE 4t &N
Bt i, R IR0 AN S 0030 20 B SR RSO ASRHIE, B AN s 8 Bl R R B4 & 3
S MBNCEEFE T, =28 T I 5545 5, B R G MRS AR A A T4 0L, il A A
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Figure 2. DTW algorithm principle schematic diagram
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3.3.1. IR
L k-mean SRETTVER TR HEAT IR . B ISR G2 W51, 1A 9 ] e A
7] o PRI DTW BE S AR R 28 1 e A () R AR DL PSE R S o WA ) B DTW B B0 JU 795 A 1)
EARCAE B, R 9 F — SRR Re kR, WA AR, R o R — SR AT RETE AR . R
REWERENZ ={z,[1=1,2,---,n} , FFRIFERELIRIECN K. RIGRZETF I NI (8) Fir
E=ZK:ZDTW(Zj—mi) )

i-1 jeC;
o, CORE I RMPrAFEA. mogs® i KRS L. X, DTW(zj—mi)i%%%i%%ﬁﬁﬁﬁﬂiﬂﬁ
RRHLH) DTW BEBZ A, ZAEEN, BEHZIAE AR AL B R, SRR AT

N T PRIE shapeDTW SERIA Rk, 5 @S2 IR BB e . ASCRATEGE k_means ZRISHIEXS
R AR BT 5L, # B R B LR BTEAE iz R B O . &l 1 s, BLRRHLN
i, PeARNEA VIR TY, WERRIEN 4. RCELW BBV EER EXLA 6 Py, WM
3.

3.3.2. RENAMMERTBIERE

N CRAIE ST Bt P (R R S T3 920 T 2 BOMSE A P oA ad@ e, ARSI, ka0
i FL A AR AR ARF X 70 S S5 A EAT BERE . AT S BIURT A S8 TV 1) O B 7 26 ) A

M5 shapeDTW ) JELER R BERAF BT 7 Bo 2 k1R o, (B AR Y AT REJ& 38t B i 34
YEBTE, AR S CAN S RARLEEAR /N, PR w] ATIS — N BME T, SRR B I
38 N ST PIEER PP B 1) FRINBOY 2 5 IR Bl A B RS A2 DTW (2,2) < T WU ME
FITRE PRI 300 8 A2 R — 2K . 2) 45 DTW(z,2;)>T » WIRKEAR DURE AT I 250 58 i th B AR T2
A Zows FFETAIN FIIEBIE ARG B . 3) ARERILHC T —NpE, WLl 3 MIEARILEN Zoews
WA T I HIPE R Zoews  FEAK NG Znew TINJE VR T BARE . 2, TS Zoewo

34. REEHRNEZRIE
ARSI FF R CUSUM Kill, ic24 CUSUM_1 #1 CUSUM_2,
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Figure 3. Mixed event detection algorithm flow chart
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4. 554

41 B¥EE
411 HOKE

CUSUM_1 fr sl A fur s, o KR E B, BOMETTHEE D KE m oy 2, BE K
FEn R 20 REGIBRBEARNISL, Fh kARG K 2 H7E 50 NMRFE AL E, Btk CUSUM_2 & HKE®RE
N 50, BUSMEHHEE IKE m o4 40, KIE KE n A 10. shapeDTW Sk -p LIRKFAE R A —4E HOB6
FEEJ7E[20]. RS CUSUM A GLR 5321 & 1125 B M 50,

411 RERE

¥ CUSUM HIBI{E A H, GLR HIBI{E A he A5 CUSUM_1. CUSUM_2 [JBIME Hiv Hy 70 B E N
1 /135, X CUSUM, GLR HIEIME 73758 Hy = 3.5, h = 2. shapeDTW [JS{E T & & 185. H.
he T R HEUERTEE ISR, IZRd T 2% 5% 3.
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AT 2 AN I T RIS BT 52 AT R« S 1 SR AE VAR HLIB AT H AL, BENRXAL
I AL oKz WS FAE I RO 22, IF5 249005 19 CUSUM. GLR 5kt T
SFEG . S 2 RAEBEARNIBAT IR b, $eN 13 FhASERF M H 2%, HEEHEG 1 Ak,

4.2. VEfiERR

FARI R AR — N K, R — B R R 25 R R PR AT R R AR BOR R AR B
PFo IRIR BTN o AV REVPAN o FH (VR A R (Confusion Matrix), RSl 4h oy el HIESK
(TP, SERRI s FARAT I ) . BOESR(FP, R Ffar A 2R R NG K A) . BRFE(FN, SkPRK
A B BT A R R AR R B R (TN, SRR R AR S e, LS RINEE R —80). (ET A BRI e &)
BAEIEOLN, TN BE— @RI KT HAR =0 T ORI R AR R AT 1 se i, IR BRI PPl 8 AR
REAKHR T TN 280018 . BRI, LUK H 2 (Precision). 7 [ 2 (Recall) A1 F_Score 1F Jg it 5451 45 5 A 3EAr
Fabr, ZRUPAFRRS AT 4 AR E09). R (L0) A1) iR .

Precision = TPl 9)
|TP|+|FP|
Recall = |TP| (10)
|TP|+|FN]|
F_Score = 1 2 1 (11)

Precision - Recall
=) AR (L0) o, A& B 3 7R B AR WU Sy A= 1) 7 g A v S o R AR B SRR o B, oAl i
AR T v R A M AERR I RE 775 A R ZE Rl H (1) 07 fer A4 o B SRR R A I A g b g, LAl
RN TR RE TS A A THI e /7. naX(11) Tz, F_Score s AR AN A B R A AP IME, HAELE
B 1l B A I SR ARG B A B X B N PR b A8 4
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Figure 4. RMS curve of mixed operation current of washing machine, hair dryer, induction cooker, TV set and hot kettle
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BN 50 Hz, AAEDEAHL. WXL, sl FABL. #UKEE 5 g, BRVEAHLANEAT 10 A
o YR SR IR AL SR BRI RE M, 20 B BRI R 2% 2 WXL, Rl AL
Bl BRI AT I AL -

ik AP, 2t 3.4 WHIEE 3D AEE, PeHLISAT I AL B IR R T L A R, ORI
PEARNET 2 B Bo 5 A g is T8l . 28 3 AP AL B R W IN 3% 2. FEAT 3.4 26 4 D ALBE, 455
W 1 . AR 1 SRIMCERAFE, 45 R4 3 .

Table 1. Results of event detection
=1 EHENER

AR SRR ASCHIE CUSUM GLR

FIIF(IEAY) y / N
RS — Ay v N v

RAML
A — R v N v
PR v V v
I v N v

LR
S v v v
7% v v /

HLARAL
K1 v N Y
AT v v v

PoUK Az
KM v N v

Table 2. Operating power of hair dryer, induction cooker, TV set and hot kettle
F 2. AL, EBHEP. BN FOKTEEITER

IR R R FRIEREU T =
(= 82.4189919
o =L e 375.9587837
S 376.337626
WAL o e 756.789123
[ =P -80.113430
LEEEP AT —455.990558
(e Ll —833.334390
TH 809.7102178
LR e R AT

Pl -806.390558
TIF 53.0343093

HLAILL
Pl -50.975868
FTIT 1173.465605

HoK Az
K —1121.69973
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Table 3. Comparison of feature extraction results
= 3. FHIEREERTEE

RIS WAL LR R oKz

R ol ) B (0 = P = = S o)
Ja (e wk SR KM

AL 81.07 77433 37897 —456.42 809.09 -811.74 52.14 -53.84 1176.58 —1115.76

¥ KM b kM ¥ KK

gi CUSUM - 764.79 —658.21 47792 1154.65 -1106.88 415.15 —49.13 145442 -1504.71
W) GLR 456.36 764.77 —651.13 —478.15 1155.11 —1106.87 - —50.15 145442 —-1504.71
i AEIE 00164 0.0232 0.007 0.0009  0.0008 0.0066 0.0169 0.0562  0.0027 0.0053

FRLE CUSUM - 0.0106 0.749 0.0481 0.426 0.3726 6.828  0.0362  0.2394 0.3415
(%)

GLR 45371 0.0105  0.7302 0.0486 0.4266 0.3726 - 0.0162  0.2394 0.3415

7 1. % 2 W51, AXHEE CUSUM. GLR 763 F IR R AL, (E7E FL 8RR L E R HE R
PEERIEA . & 3 A, JETASCEIVERR U RHE S BAs RS TR RRIEAR I, 1% T CUSUM 5
GLR B P U R AR S FL 28 OIS AT I RFEAAAE ORI 2250 ol id 0 #fr K3 : CUSUM il GLR Jirfer il
B S SRR, W 5 . CUSUM 5925 GLR HkRIMER IR ZFH1F, FHERRSaE 2
AN B PRHES N, SRR R TARSCRE, R 708 IR (e a E AT AR, R
WAAFERFAE S I . R, AR SCRE AT CRAERFAE SR DL R S far R v 1 o E IR T AR AL
T R3S 8] A 5 SERBR S A R AR I TB) A 22 K2 Ls, B — AN A ]

—_— —

£

LI RUE(A)

l .
18000 19000
RFER

Figure 5. The current effective value curve of hair dryer and washing machine in mixed operation
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4.4, SE4) 2

A A LS5 B S & T IR BE AN LIS AT ) R B E A E v B, anf&l 6 P, JL68E 1,800,000
ANKRFE S, REEAIFA 50 Hz, AFELEARHL. WXL sRihr . AL, #okar. B, BXE. #uk
PO AN, EAAS I BRO . EERA. HFERE 14 ANHLES, BRIERHIANESR 73 Mt Ei.
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Figure 6. Current effective value curve
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Table 4. Results of event detection
=4 EHENER

A SLEE CUSUM GLR

e 74 70 69
ek 4 5 7
bEE 3 8 11
P 70 65 62
FP 4 5 7
FN 3 8 11

LitliES 0.9459 0.9286 0.8986

Al % 0.9589 0.8904 0.8493

F_score 0.9524 0.9091 0.8732

7 4 AT43, A SCHIRIERHIZE LS CUSUM SHkMILL, (H7E A [ A F_score LI (4 5
PEH T 6.85%F1 4.33%). 1M 5 GLR HiEAR L, A SCHEIELE = /MEhr_L#E ER RIS B S T 4.74%.
10.96%F1 7.91%). FET FiRHT, FEEHUARNE AT RIS KES, AR HET CUSUM 5
shapeDTW IR & Sk 52092: B A . CUSUM 5 GLR B8 47 A SR A T 2800, B8 A AR F A AE SR B P v 1
A RE
5. &g

SR I AF AR N AT I 0 FE AR, HL R A B i R A A 0 RS RO B RCR . BT R
AMUIBATIE 0 2 A (R R 2 AR R L, ARSI 7E 7 IR A SR T 9k o 38 3o 07 B S 96 A0 36X b
EJZE
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Figure A3. Periodic waveform database
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Table A2. Event detection results of CUSUM
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2 21 2 0 19 2 0 0.90 1.00 0.95
25 19 1 1 18 1 1 0.95 0.95 0.95
3 19 1 1 18 1 1 0.95 0.95 0.95
35 18 0 1 18 0 1 1.00 0.95 0.97
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45 17 0 2 17 0 2 1.00 0.89 0.94
Table A3. Event detection results of GLR
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Table A4. T, distances for different waveforms
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