F42% Folf
2022 F 6 B

Vol.42 No.6
Jun. 2022

® 2 & % wE &

Electric Power Automation Equipment

HeT-R A i 45 X2 R AR A S ScaE ML DA K 2R
Rk P AT MR P

EORL 4, HAEF R K%

(N X5 A IAEFRE, W RA 610065)

WEAZTAPACHRGIZRE ST EAERNER PRGN LFH LA+ 5 EZGEL, RE—HE
ATHEZR P REATARER STk AGARIL R0 10 242, RIDEZ N P AT HIE T f, BRI
PR AT AR, M SRR A R %, KIS Y AR I 2 A R D SR KA iR AT R £ o
A, I 2t Sk AT A4S T K RS A 5 AR SR AL 09 Bt AR S Sk M sk B S R A P AR A A R
FRT B M A2 69 W et AL H R AT SRR K00 5 & R A0 K A ARG AR K 3R AR AT R K AR SAT IRl T
EAZE AR AR EMNAE, TR P &R, HHIEREN, TR EEFIEIA REXR B RSEE LY

A AT E I,

KA : A AT A AR 2 s R E AT BAT B D ALARAL KGRI ok s A A AR AL 5 W et A4 AL

FESES:TM 73

0 355§

B T 1 3 T RE RS 18 R A B4 L SR
TR A7 i M AN BT B ERe L FH P 0 ) e B 0
PE A N B G H ) e g AR R AMI
(Advanced Metering Infrastructure ) 43522 4 i 5 28
v, P T AL AE B A A - O Y 5 R A
FR AR A, X fd A5 Bk T r, ) OB Aok S B P
WU B R R P RE . HERRIEAT P R RAT R 2
I3 BT P AR TT R T A Y b 4R, T
Akl 25 - fir HE TG s 1 R AR S8, O HAR 4
FH P G ) 5 28 AT B A D i R R S AN, X
JEREAT I 40 03 S 1 B A R

TR P AT RAIZ 085 0 i A BOR 24
FE 4= A G4 W NILM (Non-Intrusive Load Moni-
toring ) 7 AR AR SR 3l 1) B fog SRS AR jirs
I TR P P S B A 1 M D 5 i, SIS T L
FHRY) s TR I, Sk oA F P ey AT o, X
AR BIBEFER R A HIZ SR R T )
DHEA, 32 W I 258 g A ] P B R A5 T Ry B
KRIVZIH o Ja 7 2 S B JC W B L a2 2T i g
L JE TP RER B 38 T 00 A0 2 i
FH P Elis B 52 3

VTR, B A ] 2 F 10 2 ) AN W4 A2 T i, 94 )
BREALFN A Sh 1k, & S I 2 i )2
IV =t A i S AN N CN S IR S

W B8 :2021-05-14; f& 2 H#3:2022-01-22

FEZ AR B 7 :2022-03-15

EEWB: B % 8 A&A5 52587 8 (52077145,52007126)
Project supported by the National Natural Science Foundation
of China(52077145,52007126)

XERFRAERD: A

DOI:10.16081/j.epae.202203017

gt BCHL A R G A 22U i H T B 45 K
A2 5 500 TAEA R T E Rk, AR5, 7
B e M D 2o B H AR UL AAC A8 , B A R
[ I e 70 TBY . FESEPR TRE v, L RR RS
A TN IS4 T 26 P S 2 R R PE R K
T 308 7 ) 2 25 [ L, G vy A0k e S LT s P P T v
A7 R A5 23 B, 2 24 T T 19 2 [ A

PO seuN [ (NS YN RPR ) W AN &
b PREG AR AF 7 T RIS . A 3 R R
TR B2 LA M RS s B S04k 2 i
SCHRL6 1 SCHI AT R dE bR , W 0 4 B8 R4 7 e 4
PR BT R A BB IE B R R 6 H B ey R
PEFE PR AT AL B, JF LUIIAS IR [ B 25 Ry A AR
A, S B e th 4 09 4328 5 SCHRL 7 1456 4 AL
F 2 EMD (Earth Mover’s Distance ) A1 KK G fE 25 &
A R AT 0 22 AR B2 il Ge it s o
FUEZ H ) — I 20 68 747 53 A A 00, DA ] AT 1)
2 B AT AR AR P R AT O B — R B IR
B far 9 ) BE AL M AY JE T EMD A9 FH P B AT L)
BTk s SCHR L8 1 de 7 iy i 2 22 4 i R AR, A1) ]
B KA /N IT4AT mRMR (maximal Relevance and
Minimal Redundancy) J5U0UF 355 HY R 1E 4 , SE B
FAS s SRR L9 13d ik 5SRO XA i A R AR
T e 555 3] vy 4 s ] v AT RIS kT I R A 1 mp
A3 IR P T A% O 1k i) SR B B vy Ay it 2
RIHHERA M

TE R EHE A 345 R J5 18, Hadoop . Spark | Storm
S B SR R A A% R T £ AT A7 i L A B e Gy
Bréglap g AR IR T IR s
S N | N (T - AN - G VA~ 97 <Ay



£ o6 T B, % 3T DAE 2R R Al 5 ik MO K BB i e e ) H AT by SR o A 7

TIREAE AR T AR % . SCERL 11 Ty
FEA S BE S N REAS S 5 1 25 7 (30 50 28 ) i s =
A BUE SO AU AR, D) e KAU(E FR: B0 K-
means H-7% , DA MapReduce #5581 SE A L 1174k, $1
1R R B R S BRI SGHE

B4 1) K-means F LT B EANFEARAS 501
SR DL RORT BT A A3k HhoC SRR RUBE A BEHEA TIH 2K
MERUGEAIR T R RREAR S ST i X i
HFAA 325 R 4 B e K, Jo ik S A A% S5
I AT S . R — DR T RO AL
&t — b T T T A s o AT T . O,
FIFH 2R Geahie Iy vk i P P 28080 v 0 SO £ 4y
BARAEAS SRR AT Z4ERE R @ 2 R
£ M A g5 4% DAE (Denoising  AutoEncoder ) #5 %l |
AT LA RE AN 2R 2%, SRR AL 5 e 4 5 8
Jei ¥ /LR Ak K 35 {5 MBKM (Mini-Bitch K-Means )
SRR R TE AL O R S S AU
X Bk AT ek, b B S B0 2 i T e it
2 18 U1 - 3r P 4k 551 GPBOA (Gaussian Process for
Bayesian Optimization Algorithm )3 i1 #4) HE 48 B R 4L
Sil(Silhouette coefficient) $5 F5 5 #2802 [8] (1 4k
RF ARSI 5 fe o, A ELAF B FH P AT
SRR, A3 B2 S P (TR AT R SR, O
T IR B R L R BRSO AR 7 VA R A R

1 FABRITAFERNE R —L4hE

5T Aty A7 EE , FE R R R 47 A 8 9 s B
58, 3 TAERFA] GRS ZT A DL R
L PR 2R 5% ) 458K, AR 30525 [ P A0 Sk o511 e
AR P R BT R R AE A S PR L
DR SR A R AL, HHAT A FRIE AR S B 67 fr i £k
THEAR RN, A SCEEBUR RAAE 23 Ry LA A 7R 38 bR
(BL3E H S K A far ik 2 | H S5/ N 67 ey s 220 L R 62 A
FEEF 1] 344845 ) 5 FL (R A RS Ax (L35 H /i
fap e | H WA 225 H Uiy 38 I 00 280 45 1 11 28
RPN BT 67 3% 6 A FE bR ) 2 2, Fi B[R] RUBE AT
DI AR5 45 SF 44 BT FHH AT A R e E T
2153

AN IR A9 P P e J v 2 ) 4 K, TR L 7R
TIE et 2 Wi X R A 7 IH — fR A B AR FHB R i 85
SRR AR SCR R SHE A —16, B

X, .-
X: init lL (1)

(o
Ao X A — AL B S BOREA R X, o LR A
MEREAR K 5 o 9 BT REAS K O B (EHE R 5 0 D BT
AMEARBIRARIEZE . AbTS AREAS B IR 41
0 FRiEZE A L BRI IES 7310

2 EF DAE MK & 4GSR AL

FRIE B 5 B AE B AR AT L BRITCARAFAE LA A BRI
ARUE B A SCHE Y EE DAE R0 25 ok 52 30 i 445 AE
LA, P SR HRUR .

2.1 BIRBEENFEREESEN
21.1 AFHBERKRE

TR B R IE R 2 7 e B G R AR BE B R AR IR A
o, FRIEEBA AR e R i A3 Rl
T f 2 BRI o S BRI RRAE , HE LAOR B A
a5 B FRIE AR B B L M 7 i R AR 2Pk ik, iX 2
P AR B R R IE I RE I E 2 R

A shgmtd#s AE (AutoEncoder) J& — F JG W & =
Y RRAE R 4E 5 R AR 2658 T 1, g i 2 5 i 25 44
B SR AR HARFH R AR 28 2% . AE Y
G L AR NGRS R BRI R

R|nss(f’g):ar%rflin{iiL(Xi’Xi)} (2)

KR, (f,g) NEABK, £ AE ) 4 i 72
g N AE WS B 5 n M AEASEL, B B REA 1 4
FEIC R m W X RN nxms X X W56 i 47, 3R
5 P AREAS s X A ERREA , I A TR AR A
X;argmin{ - FORTBURE AE W25 580145 51 A 3
iR F /M
AE W4 ST (X )RR R
r(X)=g[ f(X)]=X (3)
AE B9 I 25 3 2 50 2 1) Bl LS BT R 9 08
B 28 ZR O w S5 B b) [ S S S5 ALE
SR 2E /N AR SR A R AE i AR [ 45 2% pR AL
E(X), A,
£00=1 LSS (1= ()X (0. ) I (0. )|
(4)
A X () XIS AT TR X (L)) I X B
BifTHE AT E,
2.12 AEM%tgEH R
FRAERFEAE RS H ) £ 24 34« FRAGHT A 7] & 4
B, DT R AR SR 2 vk i R 4% 5 S B s 1) ] A0
b, DA T W5 0 14 53 A7 5 o5 5 ol 8 B0 B0 A% i T
1, RAAG B YN LR 1 W 45 2505 2 I i 808 B
APSEPECE T A . AR Lk H A9, RRAE R 40 4 R
B AR 4 i A2 A5 B B SRR S A iR 22
BRI, LA S PR B 3R 5 R S MR 22N (R
TR o 5 ARG s e, 23 BN -

EASPL' Z XJ_X] /den
n=l-—_ - (5)

T ) - m
v ; X,

2
/m




143 L/ AR {7 G-

Fa02k

(6)

mn

KA B oy W WGR 22T, A 2 5d,, h
R 5 O RR IR 4E B, HEAR 3 m 5 e, RO R/ NAE L
TR X, X BE j 9, 3R 5 j AEREIE X, — X, 57
AR B SE A R AL HIER 22 H E/NMafer 2 H
ey 2 | H e KA far B 20 H e/ 7 faf B Z1 0 B £
R AR SRR SRR 1] 5 X, A
X955 j 9, R M 465 R AR

2.2 DAEM%%

1258 AE 3l o JL A IR AC I 25 BRI AT 38 2142 4 (1)
R B G R LA 4, i 3 B HL AR 1% (Dropout)
TETUI Ak S8 TN AR AR I PR A T i R R
FERE ST, DAL, AR SO I R AT finngg s n=X(7) f
7N, FES A JZ B]PE1T Dropout 40 B, IHAE Y 25 9 B ik
S50 2T A G N, B SRR Yz AL RE T .

X=X, + N Xy -

A X, WUIZRREA X, A X, 8T (7)) 77 2R
F PR IREE 5 N, R PR 5 X A RS R 0 A
WEZE M 1Y IE S50 B
23 ETDAEMEMREMNFEEREESH
DAE [ 25 [ 4k 55 i FRAE 5 00 B0 A AE A ], A S
I R R R SRR A B {5 )8 MI(Mutual Infor-
mation ) 152 F P47 R A S EERAE , N (8) Fim .
_ p(A,7)
MI(XJ,YA)—;\ZX/p(/\,T)lgp(A)p(T) (8)
K.Y (s=1,2) HEZE 2485 AE IERE, 8 YIY
s B M (XY, ) NRELERT JERHIEM BAE B A ey,
reX, FRA TR Y, X, IICEK sp(A, 1) A M7
HYIRAS A3 ARESE s p(A) < p(7) 4390 R A R 7 (R ABE 38 2
FE o HAR B MK SRR PR A OGP R s A
(B A O Bif, 7 A% s AH EL ST

3 ETFH#MBKMEZRis= HREEIERSE

3.1 MBKMEkRE

REJE T IO 22 > | 2R John 25 1) £ i
A JE AT R G . W LRI A A I TR
AR TR EWAL T RERNEE T
D) 2% 1 B8 R AR R A B8 K2 . K-means B
PR RN TR A M Bk S R R R AR
s 1] 52 2% BEAIG, EH ) G (B Y 14 8 5 R SRR, AN
BUIEHEBRE2E, 3 H Y RIBEA AR H KT, R
& TR E LA, Bk AR B AR, H R RACR AN
o FEREAEE 5T, SCHk[ 16 142 H MBKM 5.7 DX

_ / S (x()-4(67)

il R FEAS TS (R 8, 2 A /N A AL AL
K-means 5357 BRIV UCR FH FE AL A2 19 7 S U1 25
L AR R ) 2k B A A T/ MIE Y
Bl B ISR P TR S AR A I S B B B 5 U A A
N By TN 7 s 1 = 5 N
MBKM 5332k T2 B2 300 o BURE AR (1) 3 - 418 D S
ZHT AT EL S B O ) T A AR AR BRI K T, 3K 3
FEAR SRR AR, an=(9) P .
e, —(1 _T’s)ck-l-nsxmmple
1 (9)
(e,
K e, (b=1,2, ) N EANRBIETT L 50, N2>
3% e N INFEA ) — 258U s0( e, ) H/INEAR S |
AT FER B — 2 AU, NVEEAS B
SURHE SRR A Y SRR 23
3.2 MBKM B LRy sist
Ry i — A T MBKM B3 118 SR 285 15 RN &g S
ASCIN 2 A4 T TR SR AT O < R R ) 4R R 2
JECs 3 BT UL AL BRI AT MBKM B34 91 46
SR .
ERBAEE 5T, K-means++8 161 5 K S0k
HE MBKM 53 () 8CHR A 22 /N, {H /2 K-means++ 5.
TR B REA AT AR, SR IR ST 1] 23 B T
SAEA B g K
321 MR E R SR
A SCAE MBKM 33 1 J6 a1, R FHA 4R 8 AL 7
TR E WO AT, R TRk S e
SR ALIE B iR R 2R 0 AR IR (10) 75
BAFEAS O RO RAERE D, (X),
SR 5 6 U i P B e R ) AR o B SRR Ly,
B3t KANRIS L, Hid KO RISHL
DC( Xi)=argmin{ X'-u, ‘2} r=1,2,, k_ua (10)

A cu, HEEH IS r DRI 5k s N EZEH
SR LA
3.2.2 AT HAiE AR W oot A AL 64 A A kAL

S HUR ML T AR R A 28, B S5
oAb AT R R FH AR H WL AR A T 2 A 455 Bl
MU &R G IALSE, TEREHR S =T, Lk rikn
T AR 5, 1 DL i SR A AR 4 A I 8 i e e
RIS, TR R R i R AOR

MBKM 5.5 %) 2 S BT 5% A 8 A2, Hirr,
IR AL T8 17 515 OB N, L 0 45 2 T TR AEL A
e RIRE A & FESRAEQA R B e TH LM
ARAEA TS ], — R NS B E N BIME, X e {H
HEAT A48 s RAEEL RN b BRANE M 100, U058 % BR 4L
P A iy 2 ) 3 22 sl e SR 2 WD b AE R T AR




£ o6 T B, % 3T DAE 2R R Al 5 ik MO K BB i e e ) H AT by SR o A &

PELASE TR ISR o ATk T Sil ) MBKM 5332
HSE(K e 5 b) BIPLALSE bR , KA 8RRk 0 5
Sil AL MR i G A W o A i U e i AR
1R 25V 77 MISSE (the Sum of Squares due to Error)
B B

E%:iz(\q_mr (11)

K Eg WSSE; €, NS s 12 5qeC RN ¢ 25 s 1
RIREA sm, N s DRI
A SCH ] GPBOA i MBKM B s (1) S 4R 2 88
(e 5b) AT T LRI AEEAR N B, =
{(r000)s (yam2)swees (v ) o oo o L0 4 A
By (i=1,2, - o) N i DREAR R S EG &,
i S5 3 R y=[y, v, - v ]
yAi=1,2, e, 0) 55 i A REAS (O OLIEE | T4 RE K 1
WL A iy =y, ¥, -y, ] VA Sil{E I KA
VEREAL B bR, 837 Sil S SECZ MR R R
Y option(e. )= ATMAX {ﬁﬂ('y)} (12)

R sy e IFRE RSB iy B e 5 b K
A5 B () SR T2 16 3 R O LA 4 A B 5 0k 75
B9 25 8] 5 argmax | - | R R i KAE TR £a(0)
WSS S REER . GPBOA EEUFELLT
3B,

1) b e R A 110 735 10T 5 R T VA AR g (0, ),
Horhro AR , 3O 2R

2) 3R R PR K u('y,g[)('y,v,z)) B A% E A
’)’*,EI]:

'y*zargmax{u('y,gn('y,v,Z))} (13)

3) A EHREA (v, y. ) Ho Dy =fu( . )+
& WHTHREAR NG, £ y. ) WHREA IS T 2.
SPHREA AR 52% . 3 SRR A L % 2 073 2 ]
DRI 33 AR — WA AR , B 2 kR

A5 I 1) v T A AR 2 X 44 R R AR T
W5 o (v, v, 3 IR 245 E 2501 «

(10, 3) e —L (y-v) 3 (y-v)
(2m) ]3| [2 ]

- ] (14)
m(v.) ;m)
uzmQJ:;;muJ .
m('yt) _zfl(y )_

(16)

_9!/(%,71) l/’(')’n')’z) alf(%,v,)_
K m () W EE B fa(y,) (21,2, 0) B4
MREARRYAETHE ;9 (-, +) R TR pR 3, AR S
J7 46 %0 SE (Squared Exponential ) 7 42 pR%L . H3 P
TR EAT FRABEALAS SR 2 — 6B v B o A1 A
JT, -7 UL (B A I 7 152 2, AT AS UL INAEL y 58
%ﬁ'y%iﬁﬁﬂ?{uﬁgﬁ%ﬁﬂ()" YisY Yo o-inise )y‘j
ﬂ(y”Yl”YZ’”"’YL’Uin)ise)NN(O’Z+Ui()iseI) (17)

y=fuly)+e (18)
SRR e A AL T S [ S A R IR P S 0
O KRIERE N s LW BALTAEE . 4 BT RE AR
(y..y. )i HRIEREARM G y 15 £, (. ) BOBE B 50 A
FEBIA GO fo(v.) |y B )R

19(]2“(’)'*)”)’*,31:,) ~N(m(’y*) ,cov(m(’y*))) (19)

m(’Y*):‘ﬁI(E+0ityisel) y
cov(m(y )):1,[1* —¢I(2+0'ims I)illlf

. (20)
tlfF[l/f(%%) l/’(')’zv')’*) - t/f(v Y )}
%Ftﬁ(%,y )

st am (. ) B cov (m (v ) ) BB %
4 BREFYHEREMIERR

FESCPR TR, R8s 2 An2Eny , & R H
Sil. 7 22 L AR fE$8 %0 CHI (Calinski-Harabaz Index) .
XBEFEEL DVI(Dunn Validity Index) i 4E#RE T §8
U DBI(Davies-Bouldin Index) %> HEATIEHY . AS X
1EH Sil . CHI 2 DBI X 3 S48 B0 47 R A 2Lk 1)
TS

B ANREASY SILE 1, (1) B &5 AN N R
() o BE AT B

[551( ~): g(i)—a(i)

' max{a(i),g(i)}
At :a(Q) M T MEARRENNERE 2 (i) i
FEAR 2 0] 43 125 3

1
a(i)zn— S D(i.j) i#j
s i,jeC|

(21)

} s=1,2,--+,K (22)

g(i)=min%1 z D(i,j)

s igCjeC|



® L/ AR {7 G-

X en W s NP REA BB s D (4,) WA i E
ARG AR Z 6] (9 RR CHE B, R AE A AL .
XA FEAR I SiLERFME, DA TR R R 2k
RO SIMEBUEIEE A [ -1, 1], ol ir T 1 £nds
DA PR 2R RIS ) 3 5 8 A

CHI 225 [B) € HOF- 28 5 28 9 e iy L (e, an
K (23) FoR , HARBR A, TSR AAR B dr

oK)= T,,(BK) N:K

r(w,) K-1
A s(K) b KA RBEBUW A5 T.(-) AR
W5 N R EE SE B R R B U B, W, o 2
R B, R0 B 2 DL SCik[ 21 ] CHI By 8k
P AE 2R CHI A 5 o

DBIEZS NI 2 M58 m 2 H, B .

(23)

K

K
Loy Z%zznllflx
i=1 '

FET

S +S; l (24)

A1, DBI S, S 20 A AR i DA j A2 %L
PEEIR OB R s 0, 0, 73 B SR i SR j A
R o]t JLRRECBE B 2R 2RI RS . DB,
W SRR S

5 ARNXFERE
ARSCTT AR AN A 1B , 32 B A MR AR A

NZR AFAESR IS FAL B DAE [ 245 RRAEFE4E BT
Sk MBKM B9E R UK P AT A 20 S R

| -,

JLRIREAIN 25
ARGt

T
| FHER 20 [ DAL BUWIIZR

a

DAEFFEfL AL

el MBKM Bk R
o { !
B o BRI K, |
[Weifk MBKMST I3RS [+ LT GPBOA 53] | !

i | RS, -, |

AT o
JHHAT g

LASil, CHI, DBLEF T
RRARHS

G

B1 AXFiEREE
Fig.1 Flowchart of proposed method

B AYFE A LR A SO 4 5 125 (0 B A , 11 2
DAE B8 T SRR A B R AR AL 5 L A SCR A
FRYGEHIAE J5 10k ML AR A R AT BB, B A BE A
ity A, TR E AR YA AT, T B AR A 1Y
PP, YA AN AT IR, 5 R ORI 1 8 o2
TSR

VR
6 HHIoHh
6.1 FIBERESILEFES

A SCRI 2R 22 B el AR 0T H = A OnT
T AT Y AIE R R IR T 2 R 22 B AR AR
A7k W HLA CER (Commission for Energy Regula-
tion ) B P21 /INIEC SR — VR FH P S a0 i
V- 5 4 64 i Windows R4, 1% F 45 K F Intel core
(i7),3.40 GHz Ab P, 8 GB RAM. VRFE2%: 2 HE4E
FF Keras (FEF TensorFlow1.2) SR .

6.2 MR RBITARERE
6.2.1 % ZDAE W% &y #

A SCBELAMIBCEFEA Y 10 % 1y SR REAS 2
FEICO T T AT MR AE , LA TR 2% . Jr
R 2 )2 DAE M2 S RO A 2 A3, [Z53L7
2R EHR TR 2 E Dense, 5215 #)2
Dense, 2 [ 34 1l Dropout 1F W 4k A4b 3 (#if 25 702K 1 54
90.5) ; N A2 3 42 %45 2 Dense, Ry i 2544, H:
PERRE 40 22 2 4 N4> 3% 45 )2 Dense, 34 2N
R 2R . P28l 2R3tk 200k . K12 DAE ¥
2N i 26 Mt 42, el R AT UL, 7R354 30 I 5 DAE
I 28 A6 RO B

1.00

§§ 075 I,

0.50

0 5I0 l(l)() 150 200
UKL
B2 DAEMZilZixE ik
Fig.2 Training error curve of DAE network

ok 24 24 32 % 3 3 S ) 5000 T 4 L 491 5000 )
{5 T EM IR ZEFE B R ER . ML N2
i 5 S B IR 2 e,=0.86 , {75 K B 2 90 % 5 24 4k
JE 5w fE T E AR 22 e,=0.82, {5 B IR B RN
95%. T UL, YEJE AR IF AR S 245 5. Pltn] 4
HEREH 2.

6.22 % & DAE P %t 45 fEAE A ZOR ) 3K

Sk T UE WA TR B DAE R 4% 59 e AL , A SC
MERZEAER TS 7 T LA SO Y £
JZ DAE [ 2% A5 #E 3 143 53 BT PCA (Principal Com-
ponent Analysis)  # Wi &7 518 5 % TSVD ( Truncated
Singular Value Decomposition) . #.)J2 AE Ul & £ 2
AE IYRHIEREAERCR .

NESCHRE A v B AL 1000 2% P i 76 > il
BOREAS, S IBOH] H R AR - L4 B I 22 2 R T K-
means++30 5 FEAT S S5 RN L AN BT 5% A 3% A4
o AL SORFRAERSE AT LL , R AE IS R 2K
RAG ) W5 T, TR R W A R AR SOk
PCA HITSVD B335 i [R]AR I, {5 522808 22 531 W]



£ o6 T B, % 3T DAE 2R R Al 5 ik MO K BB i e e ) H AT by SR o A ®

i P2 AR I Z)ZE AR IRERAN A SN Z 2 DAE,
X UL DAE Bz AL RE 1 ety
6.2.3 ATt MBKM Sk 5 AV K 6948 Rkt

AT X B AU RE A HE AT I S, AR I 25 58 B
DAE 2% 55 pieift MBKM B3, DAl ) i Y A AR A
A A R AR R LR B K, MU MBKM
Bk S (e, 50,,) -

eI RN SRR A, R F it MBKM 5374545 ]
13, P AT I RIS K, W e o I AT I, . 2 2R
FRBCR 2 M3, Sil K, R AHIE = 40, Sil K
T B, X U A RIS & 4 2 5 BB A 1
RAHIE 2 3 )5, SSE W8/ NG iR FE AR 5%, 3 150 BH P14
TSR B R B T AN B S, B SR 2R B0H 3 i
Mo LR T E IR R IS K, =3,

1.0

705G \H‘_‘_‘\‘
0
2.5
7]
0.5 : : :
0 2 4 6 8 10

B3 BEHESISSEMXRE
Fig.3 Relationship diagram of clustering
number vs. Sil and SSE

T8 SBCHL AL REAS 1) FH P B AR R S RS
A WE e WHUEIEE 7 [0,0.04], [ FE 4 0.005 5 1%
B b HUE S F A (50,4000, BG4 50, BfSE A
A1 RTE & 5 b WG MIAAEAS T 1Y Sil 23 BCA L, i 1#]
UL RSB & BA AR R EROCR . wE
GPBOA AR E k30, ARt A2 p i S 5 5
P bR Sil2Z [ (45 10 5 28 AR sk A 36 AS Fitzs . i
FA L, AR B R 24 15, Sil B KA, 354
24 W ZJE 1Y Sil IR B H , i 2445 B i 241
b,=122.£,=0.03096,
6.2.4 REKXREHHuTRE A

TEA R B 46 R/ R 2iott MBKM 533 4%
%45 MBKM 8.1 | K-means++38. 75 F] FHJZ K 7 15 09 F
fifp 2 A% L 24 F1 2R 2 BIRCH (Balanced Iterative Re-
ducing and Clustering using Hierarchies) 3.3 JE T
o BT VR A5 S 78 1 1 B o K 2R 25 EM-GMM (Expec-
ted Maximum clustering based on Gaussian Mixture
Model) B 7% 2 SPC(SPectral Clustering) B 1k
AT, AL RIICR MM R AR A TR . A
() 3303k A W St ] B s A L A2 B . B3R A6 AT
H1:BIRCH 83 | K-means++5. 35 {648 MBKM 355
2t MBKM 5332 4 5 2R 45 AR 4 W] 24 T EM-GMM
5 SPCHE L, Hih Kemeans++ 835 {548 MBKM
vk 5 U MBKM BEE IACR I T BIRCH 5735 5 R

LB SRR AL S B P A 1 1% B2 MBKM 587k 1 3R
KRBT 2 M T K-means++338.3E , L Sil 38500 8
SEE AL B AR B ek E MBKM 2 3k 091 fig 15 21 B i
PETF  ANAUTE R ZEAOR AR FE AR L5 K-means++
L4z, M H SIEECEL . B A2(a) AAL,
SPC LIS Bl e i, 2 IAEEOE K. & A2(b)
AL, B AR A2 K /INFE 0~10 000 785 B N 1, K-means++
A 5 I MBKM B9 B S84 st 0] 22 51 AS K, {HL B
T BB K, K-means++75 1 B W SR (] 14
HH ok, 17T el MBKM B3 325 P A SAF ] 222 R 91 1) 4%
PR B TE 43 BT R Y B S, 20t MBKM
LIPSk BB
63 ETHTEEETENABRITADH
AT AR 5 3% 1000 A4S AS [6) P AE [R/]—
K EE AT RIS . B4 M Z%ad DAE B4 1Y
RGO, I M 3P B 1 AP R R 2 .

0 .
o g w5, 65
-5 ° G-I
oap? tag 8
10 wgo® T
Du;:u
~15 .
-10 -5 0 5
Y,

°%1%FHF,]°%2%H3F
o 553, o L
B4 PEAEFEMRELER
Fig4 Clustering results of dimension reduction features
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Table 1 Mutual information between initial features
and dimension reduction features
HiEE
X, X, X, X, X, X, X, X, X,
Y, 632 532 573 212 254 477 410 395 298
Y, 675 675 683 3.60 368 483 443 483 348
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Clustering and analysis of electricity consumption behavior of massive users
based on network feature dimension reduction of denoising autoencoder and
improved mini-batch K-means algorithm
WANG Ying, YANG Wei,XIAO Xianyong,ZHANG Shu
(College of Electrical Engineering,Sichuan University,Chengdu 610065, China)

Abstract: The mining and analysis of electricity consumption features of massive users is of great significance
for realizing bi-directional interaction between power grid and users. An algorithm suitable for clustering
and analysis of electricity consumption behavior of massive users is proposed to reduce the time complexity
of the algorithm and improve the load data analysis efficiency of massive users. The electricity consumption
behavior features of the users are extracted,and a multi-layer denoising autoencoder network is built to realize
dimension reduction of multi-dimensional features. The mini-batch K-means algorithm is used for clustering
analysis, and the improvements of initial clustering centroid optimization and hyperparameter optimization on
the algorithm are carried out to improve the convergence speed and effect of the algorithm,in which, the
hyperparameter optimization is carried out with Bayesian optimization algorithm based on Gaussian process.
The related indexes of separation degree between the clusters and the cohesion degree within the clusters
are used to evaluate the clustering effect. The effective clustering features are screened through mutual infor-
mation to realize user portraits. The case results show that the proposed method has good performance in
feature optimization,clustering effect and convergence speed.
Key words: electricity consumption behavior;feature dimension reduction;clustering analysis; mutual informa-

tion ;mini-batch K-means algorithm ; hyperparameter optimization ; Bayesian optimization
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Online entry and exit control strategy for single converter station

based on DC high speed switch
HUANG Ruhai',QIU Defeng',LU Jiang',DONG Yunlong',GAN Zongyue’
(1. Nanjing Nari-Relays Electric Co.,Ltd.,Nanjing 211102, China;

2. EHV Power Transmission Company of China Southern Power Grid Co.,Ltd., Guangzhou 510663, China)
Abstract:In multi-terminal UHVDC(Ultra High Voltage Direct Current) projects,it is a good choice to rea-
lize DC fault clearing and online entry and exit of converter station by using DC HSS (High Speed
Switch) combined with full / half-bridge hybrid-module converter valves. However, the weak DC current
breaking capacity of HSS puts forward strict requirements for the control and protection equipment, and
the online entry and exit strategy of converter station under this mode has not been reported yet. Based
on the electrical characteristics of HSS and the ability of hybrid-module converter valves,the configuration
principle of HSS is analyzed and the typical circuit of HSS is designed. Then, the online entry and exit
strategy for converter station based on HSS and the cooperative charging scheme of multiple VSC (Voltage
Source Converter) converter stations are studied. Finally,in order to ensure the safety of system and equip-
ment, the detailed protection strategies of HSS and their action results are proposed. All of the proposed
strategies have been applied in KLL hybrid DC project, and the research results can provide reference for
single station entry and exit scheme of multi-terminal DC projects.

Key words:DC high speed switch;online entry and exit;operation mode; VSC-HVDC power transmission;hy-
brid HVDC power transmission
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Table Al Characteristics of electricity consumption behavior
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Table A2 Super parameters of MBKM algorithm
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Table A3 Multi-layer DAE network of users’ behavior characteristics

JRAAFR AR W e ZHAH
HiINJZ(Input) (None, 9) ReLu 0
4 %92 1(Denser) (None, 9) ReLu 90
B AL2% 3% (Dropout) (None, 9) — 0
4 iE$:)Z 2(Densey) (None, 4) ReLu 40
A4 Z 3(Denses) (None, 2) ReLu 10
442 4(Densey) (None, 4) ReLu 12
A% $2)Z 5(Denses) (None, 9) ReLu 45
%t JZ (Denses) (None, 9) Tanh 90

7: None ZRMINAEFERFE: BS54 287; %S KON 287; RIS HON 0.

® A4 FHERELERT. ERIRAEHRGT

Table A4 Statistics of clustering effect before and after feature dimension reduction

Bee 24 I TR 285 SR R AR RPAUE A A DR A

Bl Iy i
CHI Sil DBI T /s
R B4 (b ) 346.652 0.570 1.339 0.048 6
FrifE PCA 615.633 0.767 1.026 0.026 9
TSVD 617.545 0.776 0.985 0.289 0
R AE 1036.168 0.814 0.777 0.046 8
ZE AE 2 494.742 0.850 0.459 0.029 9
AT (DAE) 3424.195 0.908 0.460 0.028 9
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Fig.Al Heat map of Sil fraction with different super parameters
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Table A5 Partial iterative results of hyperparameter optimization

IEARUEL HRAL Hbx Sil b &
1 0.682 2 386 0.014 37
2 0.708 9 204 0.039 09
3 0.667 3 131 0.03911
4 0.6816 130 0.03500
24 0.7512 122 0.030 96
25 0.6857 232 0.352 80
26 0.667 9 497 0.114 30

® A6 Mt MBKM BiA S Eth EIAR R MRS EL

Table A6 Comparison of clustering effect between improved MBKM algorithm and other algorithms

FEAK/N 500 FEAR/NA 1000 FEA R/ 2 000 FEA RN 3 000 FEA KRN 4000
RETTE
CHI Sil DBI CHI Sil DBI CHI Sil DBI CHI Sil DBI CHI Sil DBI
EM-GMM 333.76 0374 0.795 563.73 0.378 0.858 855.89 0.381 1.120 1207.56 0.2700 1.008 3618.44 0.280 1.902
SPC 718.10 0462 0.680 121742 0379 0696 291292 0503 0.585 3575.03 04050 0.686 4350.01 0.351 0.742
BIRCH 41516 0.751 0.462 1252.83 0.747 0517 2196.37 0551 0.746 329195 0.7790 0.362 5446.44 0.692 0.573
k-means++ 850.14 0.633 0.621 1610.86 0.654 0.651 3110.78 0.516 0.607 4477.57 0.7430 0.698 5953.21 0.665 0.611
1£4; MBKM 610.25 0491 0.680 1300.11 0.430 0.703 303530 0.497 0.643 4036.23 0.7150 0.507 5470.91 0.404 0.762
% MBKM 843.64 0.646 0.559 1604.67 0.663 0.641 3077.74 05211 0.588 4148.00 0.7372 0.618 5930.57 0.670 0.604
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Fig.A2 Convergence time of various algorithms under different sizes of dataset
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Fig.A3 Correlation graph of clustering center and features before and after dimension reduction
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Table A7 Initial features statistics of three types of users

WIURRFAE HLEHF H2EHP B3P
X, HC % 94.7159 19.678 3 56.372 1
X, FOMEY% 5.2840 9 80.3216 43.6278
X, % 21.7379 87.256 3 64.764 4

X, A 14:43 10:51 13:46

X, 02:18 18:28 04:12
X, FLE% 118.876 3 99.118 3 97.981 6
X, % 73.844 1 101.012 3 101.805 4
X, % 0.946 3 0.2537 0.5238
X, Hti/h 7.944 6 10.379 3 8.7321

Xs Xs Xs Xs Xs Xs

B A4 3XFFPHIMERMER

Fig.A4 Electricity consumption attributes of three types of users
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