Vol.41 No.12
Dec. 2021

F4aE F12H
2021 £ 12 B

€ 0 8 % % kB

Electric Power Automation Equipment

FEFAT AR AT AR A XDy L 23 iR 57

ROFLEME RO, BAUR, RS
(1. Fx k¥ ©ATRFE, I M 310027;2. BRI E A ARAE, #Hiz M 310007;
3.RIMTKSE wHALmIAZ,BITHFANTHE 999078)

FE AT AR AN R R AT 2 A8 5Lk B 7 RAR I LT S P, £ TR T RA X AEAY (HMM) 69 K mh 142
BETFAAY AR TFORTETSMAE, B2 AENGERKmeans REFTFRRATKRES, FH 07
RAEMSRAIRE ., AP E 5 HMM XA % 8 B &3 % 0F 1A 45t 6 5 B, 3P ARG AT BT Rl 5 B2 3T . B f
M AINA PR AT ARG a BT, RSB RA R F B, A R L F R 5B A PO EANT

PO ERR A, B ANTRIEE IR T PTIR S R 0 M A M e 5L B
KEIF: R AT BRE;RE R XA §iE N K-means; /T AR,

FESES:TM 73

0 Bl

PTAER Bl HE IR I R RE HL ) R R AR
SRR IR R, HL 7 2 48 T RE A A5 A B
R BRE 2, Qo] ik — 20324 ) KA i T A
BA A BRI ST R T o R R SR e L Y
R Z— HONMUBEB I B AT P A BT,
M RERS BB B |) T P R A O B e
o 2R ) 1 SRR B, % 4 2 B AN AR TG AR PR AT
Fre kR A EEE X,

e 42 A KA A 43 e - Hart G W4 TR
1992 4F 4 | B A5 2 F FH 45 B ZR AR 209 FH -
H, G ) 23 B FL U A R 0 il L A T AT (RIR AR B
B SCHRL3 JTE A0 B A 1 far R AR 4 B R 2R LR
ar FEAR RS RS RE . H AR UL o R
FEXG R RO R ATED R R R AR X s
1 Be LA TG A7 A 1) FLU AR, AN ORI B4 T
H AT o i 0 ERR AR . BR T R AURAE , BT
) 5 Bt AR 5 G, e R B P i H 2T, SCk
(7 T4 H A Bk (] A% 28 580925 78 43 1) T H s 4 7 g s [1]
e (020 T AH SR 2 AN 210 22 (B BB 3R, XFER 43 4K
JE P B A3 TR PR A . SCRR 8 it HI L T 17 41
FI| ¥ 51 Fil Attention AL TR BE 2% S HESL , BUAS T3¢
I PR AR R N TR ek A — BB o]
e W T SR s L, ELXE T8 [R] 09 R BE £ 40 34 7
TN S AL, T B BRI S 200

A A= A AT S i s R %) 1 [ 37 3 A [
B B R B e A A HMM (Hidden Markov Model)
EH G A M S, SCHER(9 25 1 HMM i H T
s HEA:2020-07-06; & B HHA:2021-05-12
EEWMB: B R mMA8HHEA R (5211041800M )

Project supported by the Science and Technology Project of
State Grid Corporation of China(5211041800M)

(C)1994-2023 China Academic Journal Electronic Publishing House. All rights reserved.

XEAFRERD: A

DOI:10.16081/j.epae.202107005

g 3 it 1 — 25 3R (ELAS [R] 1 67 g A5 78 45 1 6
— AR BRI R B IR , R A R Z ] (AR B, SC
ik [10 ]38 2 /5 By B 5 R Bl e A 7 FHMM (Factorial
Hidden Markov Model) 5| A % 1 fof 2 [8] B AH H. 52
M), (EURSE TR 315 R S0 R o sl ol 5 A B R 1%
BRI TR, IR T e R . SOk
[ 11 %) HMM BEA7 7 Ak, I 5% FH 0 Bt Z U E 2 o
RIHATIE AR A  (H 220 oy BRI AR
BRI R

25 b HMMAEZE R TR = A0 far o0 i B
BOFBIROR ABAAAAE— SR o BFRHESE HMM K
2 JEI TA]RE PR X — BB, A SCHR Y R T AT g s A
T B B0 Aoy S S 3 R AR L TR TR N S A B [R) 3 B
Fo) o WA TR ST BE, X B B R B BE 1Y 5
AR B AT T, (AR A5 R R A5 5 S PR
HL 35 o BN 3R WY, AR SCAR vk M A R s HLAE
e

1 ARFRSESBRE

1.1 BRRESM

T 7 B s BB R, TR H T A T R )
FAT BRSO R 2L R 3 AP A il n .
A Z AR AU & T FRR S HY s HUA IR
TEFE Y HL AT B T T OGO R AT A AR SR AR 2
AR B A FRCARAS AL s AL B S5 ] i 2 U I8 A T
AR S fi W) & T 2 Y i o< I 1% 2 R AR A
B H AT SE A B O A T R L AR R A BRER
AU PRHAS SCRE BT WA BRODR A5 80 171 far 647 3 A
Wit
1.2 Bi&EM K-means T3

G3 WA BRODR A5 Y B 7, 1 e ik 67 ey 1Y ) o
P27 A BRARZSHL FSM (Finite-State Machine), C
kL 13 R R i PR PMF(Probability Mass Func-

http://www.cnki.net



@ ® 8

$F41 %

tion) FEAT K, A T IRASESE T H A H PMF il
2L 1) IV, (B 2 B A R AT IR B 2 A B L B A
B W T FBE AT, PMF 5 i 2B 2 RS U
2P LA ARSI 1 G e ARPIR SR, Y%7
VA AR I 7 A A0 2 1 PR A e RO S . AR AT
&, K-means BT 5 BA B S B, SCERL10]
25— L T R A O BOE Y K-means LTy
5 EH R DR KAR R B L B T B (R AY 12
e, HBE AR — 2 2200 . ASCR I —Fh
AE F 2l 2 45 5 2 v B Bl 2k 2% AR K-means 75 1%
X KAEREATIEAR, 7E 5 —FE kAU i0 5% X I A 2R 26
PURFE R 1B K- R A8 7 P51, %5 22 KR/
TR SR IS, KAELAY M R 23 R M 14 I 1~ Y
RO IR IE R 2t TR, 2 KR H Rk
BNy BURARBR T Bt Sz, X P81 P — 5
15 AT BT KR T R e 2 5 K
218 T K iZ S B R “K-BUR 8 AR 7 P 91 1 — B 22
Oy fe RAB AL | i A X6 10 1 K AB 3 2 e ) R S rpus
BK.

i 1 24 %F REDD (the Reference Energy Disag-
gregation Data set) 15 6 1 H #A 61 7 3 52 ¥ 91
PEAT IR AR A B K- R 85 " e ST R AT,
i RO K A TR RS Ak . B A
AR AR LR NE PR .

Bl BHSERLRNBRKIER
Fig.1 Loss index of electric heater clustering process
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Table 1 FSM clustering results of electric heater
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Fig.2 Flowchart of load disaggregation based on HMM
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Real-time disaggregation algorithm of nonintrusive load based on
usage influencing factor
CAI Yu',DONG Shufeng',XU Hang',MAO Hangyin’,SONG Yonghua’
(1. College of Electrical Engineering,Zhejiang University, Hangzhou 310027, China;
2. State Grid Zhejiang Electric Power Co., Ltd.,Hangzhou 310007, China;
3. Department of Electrical and Computer Engineering, University of Macau,Macau 999078, China)

Abstract: Aiming at the problems of low accuracy,time-consuming,etc.,of traditional nonintrusive load disag-
gregation algorithms, a usage influencing factor based real-time load disaggregation algorithm is proposed
based on HMM (Hidden Markov Model). The self-adaptive iterative K-means clustering method is used to
extract load states,and the load states are combined into super-states. Aiming at the shortage that traditional
HMM does not consider the time characteristic of electricity consumption scenes, the parameters are
learned in time segments. At the disaggregation stage,the influencing factor of users’ electricity consumption
pattern is introduced to improve implicit Markov homogeneous hypothesis, and the real-time states of each
load of users are decomposed by Viterbi algorithm. The accuracy and real-time performance of the proposed
algorithm are verified through public data sets.
Key words:load disaggregation;super-state; HMM ;self-adaptive K-means;usage pattern
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