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Abstract

With the continuous growth of global energy demand and the increasing scarcity of resources,
Non-intrusive load monitoring (NILM) technology plays a crucial role in achieving resource con-
servation and energy upgrading. This article addresses the issues of single load characteristics
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and low accuracy in load recognition in NILM research. By introducing active power, reactive
power, and fifth harmonic current as recognition features, a grey wolf optimizer (GWO) based
model for optimizing support vector machine (SVM) is proposed. The model is validated through
experiments on the public dataset REDD. This method has an accuracy of 98.96% in load identifi-
cation. By comparing the accuracy of load identification with different algorithms on the same da-
taset, it was verified that the algorithm proposed in this paper has a significant improvement in
accuracy, demonstrating its superiority in improving the accuracy of load identification.
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T TR Bk B W A B, 1 342 N X AR W (Non- Intrusive Load Monitoring, NILM)F AR 7E I 5 T #3835
BREEMMA,

NILM BAR B — AR A s (U fF 8 B ML g S 5 i 7y 20) b s U FL BB A A, i 43 FL e % |
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R — HH B 2 20 R 4y 2% ) RERSR A A 3 AR, R i A R SRR 1) RAKEL 1 h 22 bR 2 4 R RS T
BRI, ARRAZOTIEE ISR B R R R AR EdE, BUREMEE S, RS MEAIR. STHR4]
KAKFRHCAZ N T ML LM E g as DL B TR N 48 = Fp Sk se AR N e i),
Xof LU RS B /R BHRBEMER S MA BRI T . EE A, WAEAN ) A B AR AR N 2 b s U Rt 7 . Sk
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1) AU
P =Ul cos¢ (1)
Q =Ulsing 2
A U NS RERARUE, | AR BIREAERE, o AWE A%,
3) HLIE K
KZH A IS AT I 2 A AR OB IR AR DS, AT OO ITRAE R [6], 18 528 # (fourier transform)
A LUK FRAE S IS S OASUEE S, DMEREAT N — BB T 5. ASCHE B A4 (A 1
WP AR AT LA T PR 3 BT AR e (Fast fourier transform, FFT) SR B i /0= 1, » ST HH A
L= 5i(nwy"  k=012-+N-1 (3)

Wi g iCeme) _ cocf 27 o — jsin 2% 1n 4)
N N N

2.2. 154 SVM AKX GA-SVM Eik

2.2.1. &% svM =&

X HFIA EA L (support vector machines, SVM) & —Ff 0 Y, e S (1P RFAIE ) S S Sy 2 1) 1)
—E5, SVM I H IR AR H — 22k, DL “iirHh” XX, DLBRWIRCLEA TR,
XL REMH AR LT (1 732K (HSCRF M ENLA — MREZM MR, RIS R G, KRR EA
2 HIAE AR 2, RAIER AR EA K. AR 5INSEARER, B M E—
FEAHRBURF T4, IR Sc R m st aa 20,

2.2.2. GA-SVM &%

GA-SVM B “MHELIK, E& LR AR 5] NS BT R it & BE ko, #408
— S MG BCAE PR B — RIEAE BT AR AT T e, AT A 33 OB s I MAR B OR B R ok, OB i
TR SHTBRAR P S AMAE N E AR, B2 2 — 5 IARPR 21 .
2.3. IR (GWO)H X

IRARMA 25 559%:(Grey Wolf Optimizer, GWO) & —FlE AR Re b Bk, 1 Mirjalili [71%5 AT 2014
SESEH . ZEVEZ R T IR MER S AEAT NI R R, B KRS SR ECAER . 2B
G FFA L R S5, nliRSEU>, WS SRR 5.

GWO B KRB S Na « f S Mo 4 MEF. HENERRNEF ST WA 1 FTR:

Figure 1. GWO fitness pyramid
1. GWO BN E & FI&
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HEIRAE b I B B B K = DL ORI Kb R I N e« B 65 HRIIIIBIFIC N 0 o EIRFFH, HoAh K
TRALZTr MAAAT o IR IR, o IRIBEFON SRR . g IR P3N o IRABCH BRI RS PSR, IR AT o
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1) GHEEY, BB o F 0T REEY, HAT B A E SON:

D=[C-X,(t)=X(t)| (5)
X (t+1)=X, (t)~A-D ©6)

Arf: D ONVIRBE S MR X, (t) RIEV AR E i, X(t) RERRAAIMERNE, Al
C R, t NIEMRKE. :NE) IR EGRED RIS, K (6) AR PR &1 A A 1A B S8 A 3K
FHmE AL CHHEARXDR:
A=2a-r—a )
C=2r, )

A a R 7, BRI 2 ZRYEUNET 0, |6 |n| 2 [0.4] Z I BEHLEL
2) F¥8, DORAEQEED GRS YEAT I, OSSO EAE ARG, TSR o « B -
O NS SR EIEMII AL B AR, FFHRTE 0 WTUMRIE « « B+ & KRS EHEATMA BB Wiy . R
FEAL B SR B A E SUR
=|c, X, - X
D, =|C,- X, - X| 9)
D, =[C;- X, - X|

XH: D,. Dy DyilNa s B 6 HHABIRMIBEE: X, X, X, 73508 H AT AR AL E
C,. C,. C, ABtbLFIE.

X, =X,-A"-D,
X2=Xﬂ A, - D (10)
Xy=X5— A D5

(o= XXt w)

A X(t+1) NEFEIORMALE 5t NERKE, RIBUEAXBHa . p. 6 HRMRALES,
FCAt AR TT A e 3E AT 07 B T B .

3) Wi, IREEMCAEY), SRE BRI . ARGTEMINERET, ISR a A2 AT
0, [AIFEMAE a B L. @), WSH T a 3L, 25ERM A RS, @it IR
e R IR B E, S| A <LI, FURL, REHIUESY . MIA| > 1, JREFEUT, GWO T4
JttE . K@) PIAREC, 20, 2] EARKIBENIEL 1F R AL ZAEY) S StEEHUBCE, A BTk
W = 8 eI o
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2.4, XFEEBH(SVM)EZE

X HEIA E AL (supportvector machine, SVM) [8]2& —Fh B 2 2] vk, Hig A& — MR FEARFER
) B, A A 2 ) U] Eh A N TR 1) B 3 R 5K R PR 2 ] o SCHF ) AL ARV 00 O 7 A 2 ) v SR e b — N e AR
ST, A5 75 A 2 B) BRORE AR B 08 Bl G T T TR 20 JF o e PRSP I J LT R ] 2 Fras, RSBl
SR PR T

Figure 2. Geometric representation of the
optimal hyperplane of SVM
& 2. SVM R FEALATRTE

RBAEAE m A n GERIREAR (X, v} Y €{-11},% €R", k=12,--m, M| SVM Sk F AR EURIA
SR

ml!r;J (W §)=—WTW +cZ§k

st.y, >W (p(xk)+b+§k

Arf: WORBSFIEE R R, SATINREM, o(x ) IR, ¢ HESTHET, b A
FEXIETTA T ¢ 5 RBF 2R BN TEEE S 4 g (MHUEXT SVM 73245 M) vl AL, ﬁﬁﬁ GWO Hi%
BATZ N /I B AR RECR A T S SRR R S R R, H AR A T

Fitness = W x100% (13)

(12)

A n AAIERFIFEAR G TN, N ORIRBIEEA S SN, B AT R A vE A R
.
2.5. GWO_SVM B

GWO_SVM 5k R

1) ERPEI AR E B AN o FAEAR S NN SREEFIINASE , I B AT 0 — Ak 3.

2) IR

3) HIREIEX AT WA IRAE, W E PR BRI 2 X UEHT . SVM FIZ%((C,
)i B FEHSERIES L.

4) THEATE RN G B DL m A AR AL L %IJH% YEU(T7). (B)THE AL C A

5) RIEAX(G) (6)THHEH AR EWY MRS, 8 v a5 RS AR B . v 5 RS
7P S ARANMAALE, LA SVM (C, o)fE N H bR, IREURIS AL

6) A FH MRS s AL 5 B SCRF ey ST AT I
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Figure 3. GWO_SVM flow chart
3. GWO_SVM Ri2E

3. KRS

ASCKH T REDD dE4E (1) Housel 1F Ns2ie#d, REDD %4 &t E 4N 7L MIT 6157 [
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Figure 4. GWO_SVM fitness curve

& 4. GWO_SVM &N E #hsk

5 H MATLAB 345 A SCATi H GWO_SVM fifif IR IR B BEAT I, 22 GWO AL 515 I B A
¥ C=252.369, g=1.2959. #3FHmMM IR )G, HNKEFEARIEITIONE, 458K 5 s,

TRAE 1 S8 B 2y AN TN 73 3K 1

SBR A
45 I

O *

e

i

Byl s
%
o

2.5¢ T

0 10 20 30 40 50 60 70 80
MR A

Figure 5. GWO_SVM classification results
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Table 1. Data characteristics
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Figure 6. Traditional SVM classification results

& 6. 5%t SVM LR

TREE B SCBR 2 AT 23 2

5r +
* SBRIGRSEA %
45- O Bl %
4r HRBRAERED 1
.. 3.5F .
£
1_’)3
= 8r QXD
2.5f 1
2+ o
1.5F 1
o . . . .
0 10 20 30 40 50 60 70 80
AR A

Figure 7. GA-SVM classification results
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e 2 ATLAE H, MR T4 SVM LA GA-SVM 73 2K57:, GWO_SVM 7E fifif iR 7 B 5 & i

HERAR, AT SR R BE R A 34T 2 SR

Table 2. Comparison of recognition accuracy of three algorithms (%)

= 2. ZMERRIRAERERITEL (%)

Fr% f&45 SVM GA-SVM GWO_SVM
1 100 100 100
2 57.4 73.8 100
3 452 81.3 97.1
4 73.6 65.7 96.6
5 100 100 100
HER% 77.53 84.16 98.96
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