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# ZE:dhTRAPARAITAHE SRR, R TR A ES T R 5 R ATl Rk kA ER
AR AR AR £ . Bk, 3R — Ak K-means 55 K 42 81921 (LSTM ) 4 2 1 %5 A2 4% 22 W % (CNN) 5 %42
R G MESEFTE. B, BRIt K-means ks R R B0 T £ 208, K T 5% FME % % (DPC) 4
RGP — AT k ULAR % 4B (RKDP) #1463 2K S s B gy ik, K HAF ) K-means ik 0940 46 P S 34T R
£ RJE, A% RKDP-K-means 4t 22 & 4 §i 47 3B M4, R A LSTM G % AL B 3t AT4F AR R 25 )5 B 3 £ - A4
RAAFE e , AT LSTM Ap 22 W &A= CNN 5551 32 B G By 4 AR A 22 01 47 oy 22 5 RAEAD | 5L IUAT KR ALAL 5 47 oy 2% 49
ok, FOIRIRT EREZFREEALBEEFRMCE A ITHIEEATEI, IE T AT F R XL 7 47 b &k at

4 7 2O Fe 52 M

KB R AT & ok RAMEIE ; Kt K-means; B %A % ; k283012 (LSTM) 4% 2 ) % ; %4240 2 M % (CNN)
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F P AT R 23 A 2 v 0 2 B R ) £ 2 3R
o MEERRERERE W) N, R IS )
A3 R B R AL I DA B A i RSP U,
Hols BoA s R R BE TR (8 % AR SR RRAE . T
X PP S fr B e 1, 01 5 e 280 B A it 2 702807
A BT ) 2 ) AT P R AR R
TEAE FH F R 0 J 67 r FIN 75 S o 7 R
TR RER T,

R, S il 220 2805 vk 20 o B R 2k
AWEDRU LI E SA R E A G5, Tk
ARSI il 2 T W B SR 2R Pl BT 9 2 AR
Tk I A R ARAE 2 A . FE
ST, SCHR LS T4 ) —Fh 23 B 2R 5 wox dt aR
Bfer T2k 326, BB B v Akt AR RO SR H i 3 1]
R, TESRZRARAE SOk Jy T, 2 R B AR E 4R
O RAR R B kT Sk 1)
P Y — T BE T 00 il 2R 32 BE YT IR R 2607 1%,
REA S0 4 A PRl 2R K JE R AE 5 SCHR [ 12 ] SR FHAE
AR B 7R A K 2R B B A DA AL o, B 01 2 B
T RILRASEE B . 1 0fT A3 W B 0 2R 07 1, B A
)z W B 1] A% 4 Pl 28 ) 2% ((back propagation
neural network , BPNN) " {H BPNN f71E 5 i 15
YERBEETH RN, fEClE SAWES S
WA B 0 :2021-12-19; 45 B 1 : 2022-02-25
AAF R A AE & EFLTRIF 3R A (20312102D)
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T, B AT S04 A SR JO bR 28 BHke , A I e B SR 2R R
132EbR% , I Ay B 2 ) BB kA7 03 2%, DR
T B S5 B A DL AR 4S G, S5 B = 1A B0
R R 8 A 2, HG T 0 AR A5 1T 2 A B K HE 2 )
a1

AN EE AR e i B A P R R T — 3 Y
FEA K A 5 A 2R A B R 22 5% th T 1]
FUTRAT 0 B REAILE: 5 22 R, S s A0dhs [ R A A
AP BGR , HE 8 ) 1) 171 er Hh B e b T HA 2R
BT o AR ST K-means B512: 40 BRI AR
2550 B 5 5" T N A R R K
AIERR I REAS , ML 58 53 26 7 ¥ R RETE /MR AR 28531 |
IPRBCR KA H BT AE DU 2R 0 S I 25 TR A By
et S A T 5T A, SR 20 ] ootk % 32 0 i 5%
24 (density peak clustering, DPC) S SC 1 T X 224
Il A AN T A 0 7 A il G SR 26 (HAZ S I R e
PR R, ME LA B 6 G BOdE 5 STk 21—23 1 F)
FHAESRAT A AL B2 550 AS - 55 [ 188 /5 1 2 O S A6
BB HCRIT 2 I 25 5 7 SEORS e /Y 28 501 BR 45, 1 171
i B TOhR 2 a0 , XE LARAS-HERA i 20 (5 B o

N TR IR R, B2 — R JC W S R
HRESE RSt 27y 3807k . B, R TR LT
1Z,(long short-term memory , LSTM ) i 25 W 2% H 4@ 15
aexf G MR EA TR AR R 5 SRS, B T AR & 4R
2% [ 1% {H (related k-nearest neighbor density peaks,
RKDP) %] 45 2 2 vp.0 R JRU7 5l itk K-means 3R 4%
WIZREEAGUES IR 2 ; S5 U R4 i) LSTM-45: 1
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28 28 ( convolutional neural network , CNN) 4325451
R, SRS A7 fer B 402

1 RKDP #J#a3 3 d kBT %

DPC Bk A% 0 AR R - RS O A B 1) R
B RET, RIVH A /N T 8% B2 1 908 A [ SR 2 v
O 55 At LA K% B 04 BRI A R ) R R R Y
Bigs' . 7E DPC Shikrh A B i A 2 A
SRR po SAHREERS 8, .

ST R AR I RERE R o,

pi= Y (1)

K d,, ABEE S L) ZBEES ;s d, e s,
BPEE 2 ., SEERES BB/ T d, EMZEZ %
U JRIER S BE p, WK .

FAXRTREES 8, Bl s i A e Rk
it 2 ) A B b B /ML TR A O
_ {mln d.; dp, > p; (2)

Vo, <pi

ARG DPC B A% 0 AL AR o B B o FLR)
R BRI i sy B rpls SR 5 4 0 A B ol
B 4 BT R 1) S S R T S P 5
BRI, SR, DPC B 7E 50 4R 25 S 7 B A By g
FORA 2 B T IZ A SO SR B 4
SRR AT R, R 7 TR N R B A A 25 R
YRR BN RIS [ 25 AR R 22 KB, &2 Ryl
L A 288 0 1 ) R P B 42 o A FE R SR 2R R, 25 5
2% 5% P i A 2 0, M LA 3 1 B A B R 2
OB DRI e R s T 40 A o
J&EA] BE B RE S M Z R T IR TE R R Pl

SCHFET DPC ik AR 42 RKDP )45 R 28
R EU % 2 IR AR RTIROE 2 34 R

max d, ;

(1) 5, 0 B8 5 5 L30T 40 5 19 B 1 ok
R T R B p, T A st st
(3) B, N, i 9 n AEAB A4

pi= Y e (3)

(2) HEHEEE A | IR B AR p

VE it , FIWT HOE A B e R RIS bt . Bl sl
FAXTRBE p, THE AN

pi :npi/ Z.Pj (4)

A p, WEEE A AR R I JRAERE B d T

SRR %8 32, AT 5 7 i 288 a1 1 A0 ey 8 % R T

R, B G2 N 00 B AT o Jmy 8 B A /0N, DT AR 25

R A — R RIS p, > 1, BEHIEL
E N o NS B R AN A R E D SR (YR /N
AHRERRER L. WEFEp > | ARSI B e
REPLES C,

(3) 5T DPC Fk AR (L LA E B R
JRITR s B AR BY) BI A RIS HOAUA v, Rk HE
Wi ERE L AT

y.=p. 6 ieC (5)
Aep/ L 87 BINES CPBIESR p, A6, I
— AU REE R o R Ay IR BN AT HE
F, W KA SAE ARG R 2L O .

2 LSTM B4z75zs

H 215 #5% ( auto-encoder, AE ) & —Ff & FH T %5
TEE IS FEGE R P 22 X 25, A0 45 S i 5 A i 2
i, HAEARZEA I 1 s, B35 A2 | B2 A
W2 3 AN L AR YA B AR 2 R
R T g oy AT [ I 5 68 )23 i B A\ i
A BEHERR AL , T8 3 1 BB i 22 e Bl /D T A
B A P R A] SEBUARE R4

LSTM i 25 [ £ 2 — ol e i 1y e 1) 7 24 o 245
MR A 1Y 1145 435 4 FCAZ B 0T ] A ROE B
IFE 81, B TR I S5 | 532 A A Tz
PP, LSTM it 28 ) 28 KL B 5T 2 B0 538 63 ]
WATTRMR ] 3 AN T

Xy X,
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MNE — Rz — 2
1 AE £#3
Fig.1 Structure of AE
PR GE AE 55 LSTM M 28 W 28 AH S 5, $2
SRCSA T BB B P ARAALE , P B2 1 A LSTM-AE [ 25 45
R 1 s o

&1 LSTM-AE M1

Table 1 Network structure of LSTM-AE
[ 4% vy P EZDIo {6

LSTM % )2 64

ifhy  LSTM [45 )2 32
Dense J 8

Reshape J2

frihgs  LSTM M%2 32
LSTM 282 64
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3 ET LSTM-CNN gy G ey g £ 53 AR B

CNN AR AL TR L 27 > U 2 W, e
PSR T JR S 2 e AN G AU 14 05 3R] A AR UK
R AELERFIE " SO NN SR B A e
T2 UCRFAIE , [F] IR 5 LSTM i 22 (9] 265 412 Uiy I
FFAE B D AL 1) o, S BRI 39 5, AT 3 T
Or ST AN B R s AL BERE Ty PR
LSTM-CNN 7325 B0 2 f 7, 3 24045 CNN 5
P LSTM F A Bk LA S 73 JEpi e, CNN F B 3
Bl 2 EN—4EERBUZ 5L Z 4. Reshape JZ
Pt ABRAEIE 2 IREPUZ S BOSAR R AL, P
PRECA Relu; M Ak )2 X 4 F1UZ 8 BURFIE £ 4T T %
FESCBURAEZ AT o LSTM sy 2 J2 LSTM [ 4%
JERI R, MZICRURER O 64, JUE R ECA Relu, 1T
PRI A7 ) N E B TP AR AE o A3 JSBEEe rh | R AIE P42
JEX} LSTM J CNN A HL S U R AL E AT DFE ,
H Oy — G R AL i 5 SR — )2 A i )R S DR AL [
2E WS PR ECA Relu, B0t 32555 —JR S )2
% PR BN Softmax, Hopi 28 yU U BT 67 4 26
SR, i B e Y 0 2R AR
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Fig.2 Structure of LSTM-CNN classification model
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4.1 LRHIERIFM ISR
4.1.1 SRR 4

FT T D R0l ik = 2N AR A8, TG vk ELAE DN i
ST BRI A IR 1) 70 28 RE T, SCHh 36T UCT 2K

P Dy Do s Dseoa BOAE R FUE RKDP H) 45
Sk oo 1 IR o 0 49 2B, I 2 DR Synthetic
Control I ¢ B 415 £ XF T £ 1 1Y) LSTM-CNN 4 S5 45
RIFHATINIR . B fm , RIS 2R RE i R B 4R D, Je
T IR =B DA Dy S B S A BN R AT 9 A 2R
He e or 221 CRAE I 8] 7] B 1 2 30 min, B4 K
A A8 ARAE ) BRI R T I A R . SCHR T
i FH A 5267 45 AL L B8 8050l AMD Ryzen Thread-
ripper 3970X, #:/F R 4 & Windows 10, T FH 4 7215
5 M Python 3.7, Jr 4 i (1) i 28 9 25 185 AU R ] keras
WA I NE R
4.1.2 PRI

TERZEPEREEAG 1545 75 T, X 37 2R 51 b5 4 1
s 4, e BUA % H {5 B (adjusted mutual informa-
tion, AMI) i,,, JE%& 2% fd Z % (adjusted rand index,
ARI) i, #1 Fowlkes-Mallows 1§ %% ( fowlkes-mallows
index , FMI) iy, 3 TUHE bRk fiff ik SR 245 3 5 5L b bs
R AR, ERRIN 1 AR BT 1 R Rk
RCRBLF o R T T0H5R 25 00T B8 , e B G 48 8
Z B (silhouette coefficient, SC) ig. FNELYE AR T 48
%% ( Davies-Bouldin index, DBI) iy , i THEEK . ipg
/NI IR A 28 P B /N, 2 ) R R, SR Ak
ST RS RIS HE bRy T, T R
I3 SEUER FNE R 3 AL PN HE B o
4.2 RKDP-K-means 4 &gl
42.1 RKDP 455 EWAiE

B 5 RKDP-K-means 7% H 22 5 K-means 8
FEVEATRT G, B03iE RKDP ) 44 58 2 vhts S 3y 2 g
32Tt K-means J7 XA HER R IHG AL .
T Dy s Dyine s Dseeq 3 D FLSEEHE R, R AT BB Aif AR
BT AR AT LU 301,521, 10 1A 4R
B R 25 B A 2B b 4B HAE 3~ 20
Z B, AP H B A S U, B
EEHEAT 1S WCSEHG, 2 P70 dape s Tawn o G SO
FIE IR WA 2 3R 3, iy, EAREISTE.

i35 2 F1 3 AT, K-means 55753 5 N FE i
AT H A9 I B R R L) Dy, BRHE B D B
B A7 el dr 321748 10 < 1B, iy 845 H
0.8587% % 0.670, 1M RKDP-K-means 3.3/ 0.876 78
h 0.804 AT R FFE 2 7KV 5 TEASHE BT E J7 THT L AH
% F K-means B ¥, RKDP-K-means 2 3% Y i,y
Lo s ten B RTE, HIERUE A o 25, SCh fr
& 19 RKDP ) 45 2 2 vp oo 306 BUTT 15 BB 6 A 38R
Tt K-means B RN P-HECE 1Y AL P RE
4.2.2 REHCRX I

hg ST WL 56 T T 4 55V Ak BN B A %
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X2 Kmeans LHHER
Table 2 Experimental results of K-means

AL E RS LARI Lamt Lpm Uter
Dyine 0.858 0.837 0.911 7.067
3:1 Dy, 0.673 0.701 0.797 5.067

Dygeea 0.690 0.661 0.809 7.800
Wine 0.785 0.774 0.871 5.667
5:1 Dy 0.698 0.716 0.819 5.400
Dgeea 0.675 0.649 0.805 8.067
Dyine 0.670 0.689 0.808 9.133

10:1 Dy, 0625  0.649 0789  4.933
Ds.q  0.657  0.630  0.802  6.308
SR fi 0.703 0701  0.823  6.605

#& 3 RKDP-K-means LIS &R
Table 3 Experimental results of the RKDP-K-means

/1\%2@? [:t 19‘] ﬁlﬂ?ﬂi% iARl iA,Vll il",Vll ilter
Dyie  0.876  0.852 0922  5.400
3:1 Dy, 0703 0721 0817  7.000

Dged 0.721 0.681 0.828 6.533
D ine 0.850 0.824 0.911 4.600

5:1 Dy 0.749 0.752 0.850 4.733
Dseeq 0.727 0.673 0.837 4.733

Dyine 0.804 0.773 0.890 5.000

10:1 Dy, 0.649 0.668 0.804 5.000
Dseed 0.697 0.647 0.827 6.308

S 0.753 0.732 0.854 5.479

PB4 R K RKDP-K-means 53.7%: 5 56 T4 73 Y
K-means 325 [B] 85 & 1) 28 25 ( density-based spatial
clustering of applications with noise, DBSCAN) "'
FIZ IR B 5E R B 24 (agglomerative clustering, AG) K
FETFEIE A5 B 2 (spectral clustering, SP) 4 B 7k
HATX . HoH, K-means \AG J¢ SP R EH B E N
3,DBSCAN AR 2F42 0 0.02 4K, 7 0.1~0.5 2
[F) 38 L, 208 42k N B D MR AR BOTE S ~ 25 2 ) 3k L
RKDP-K-means [ k 3548 504E 3 ~ 20 2Z [a] %6 B,
FRA G R R BAESHCT WS, B 20 A7 1 A5 405 [
FEHIE S I, 4 4 0 5 PR HERR 3

H1 5% 4 W] 1, RKDP-K-means 595 16 4 B 406 4R
THET K-means 5235, L Dy, BUHE 5 4 41, bl
A7 Fe A R, K-means (4 #E 7 3 M 0.957 722y
0.829, RKDP-K-means M\ 0.964 7%k 0.915, {54 %
R B . BEIK F &, RKDP-K-means 3575 (1 HE 1)
RIEHPET HoA 4 FhJ7ik . K, RKDP-K-means
BLAEAE AP Bl i AT e
4.3 KERATEHERES T

K FH SE B 97 4 B4 R %) LSTM-AE. 1 P RE #E AT
P HT o DA Dy EHE 4 R B AL i 500 2% 7 fif il

x4 SMBRELREME
Table 4 Accuracy of five clustering algorithms

A
et

RKDP-

K-means

$fidE  K-means DBSCAN AG SP

Dine 0.957 0.732  0.966 0.974  0.964
3:1 Dy 0.854 0.856 0.837 0.823  0.870
Dgeea 0.881 0.850 0.872 0.875  0.892
Dyine 0.923 0.778 0.944 0.940  0.948
5:1 Dy 0.838 0.865 0.844 0.799  0.853

Dsoq  0.869  0.853 0.858 0.861  0.890
Dy, 0829  0.806 0.881 0.888  0.915

10:1 Dy, 0.808  0.898 0.799 0.778  0.820
Dsq  0.847  0.863 0.813 0.843  0.877
S 0.867 0.833 0.868 0.864  0.892

LN EHR G, He T K-means 55053150 [F] SR 284
T dsc s iy TR, AERANEL 3 Fon, RSB H N
4 1,2 TR AR i B e 1Y) 3R 2R ORI 1 3R
KEOh 4. 430K AT LSTM-AE | 32 {43 43 4 ( prin-
cipal component analysis, PCA )\ #% F i 7 70 #r
(kernel PCA,KPCA) (AE 4 Ffi[ 4t Jr v ( 4 )% 1%
BN 8) [ 4E 5 oK ] RKDP-K-means %25 A K& K-
means , RKDP-K-means A~ [ 4 B 422 B8 2K 47 %) 1L,
HAZ 10 Yk, [FHET D A RS TR
R, SRR POEAE Jy 3,451 2L 5 iR,

. 124
—o—Igc
0307 =hon {5
025
> 12.0
¢ &
T 0201 s~
0.15 11.6
ol0br——r—————— 14
34 5 6 7 8 9
RIHH

B3 SC# DBl 5REHBEXA
Fig.3 Relationship between SC,DBI and cluster number
%5 LSTM-AE HaHIRiERI L5 R
Table 5 Results of validity verification of LSTM-AE

BPEsE 845 K-means [?_ t;lj;:s LARK PCA KPCA AE
D, isc 0.317 0.342  0.463 0.360 0.357 0.346
Ingp 1.552 1.540 1.408 1.515 1.512 1.635
D, isc 0.189 0.219  0.269 0.250 0.249 0.232
inpI 2.438 2436 2.220 2.377 2.382 2.586

J R T, K& LSTM-AE [ 4 5 RKDP-K-
means Ay 44 ) LARK REH %, B3R S A,
RKDP-K-means 7E i 1645 _EALT K-means B3, iy
TEPREEA T, 5 RKDP-K-means JAAH 1, LARK
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T A R bR XA 3R B2 i ek 78 DA DA
sk b, ise T8 4R 22 4R TH0.121 A1 0.05, X % B
LSTM-AE fgfz4E 7 RKDP-K-means [ ER2EHKGE, @
TEXT LG 4 FhREYE Ty 1L AT LR B, LSTM-AE [ RFAE 42
IRABE AT HA 3 Fh o2
4.4 LSTM-CNN % 248804zt
4.4.1 LSTM-CNN %23

1455, 8 ] Synthetic Control I £ 44 45 I 12 iy
FE Y LSTM-CNN Jp 6 R R, 55 A1 [W] 45 44 1) LSTM
WX AR T L) I A% 58 57 45 ] 5t HIL (support vector ma-
chine, SVM) BRI 74T b, Y1 254 5 iR 4 EL A ok
L1, 22 W 28k ARUEas &y 100, ks adam,
PR R ECH MSE; SVM 535 h i S 8O 12 ) ik, o3
FUERIAANER 6 firn, (3R 6 1,3 MorEfeil
St LI 100% HHERR 5, 7EM K46 B, LSTM £
RS R 95.3% , T JIr g2 H 1) LSTM-CNN 73 25
RI5 SVM ¥J3R 8| T 97.7% R %

F6 SMPESLETREITLL

Table 6 Classification accuracy comparison

of three methods %
BiEs SVM  L[STM  LSTM-CNN
I[Ez=c 100 100 100
ks 977 95.3 97.7

T B UE LSTM-CNN A5 78 X6} A - i B 5 5
4732 ERE , 2 T Synthetic Control I} > 44 A6 44 2
TS RIS B 5, 5 LSTM B ALFD SVM
BRIHEAT XS LY, %58 SVM A5 Ab BHUASSP- i 1] 7 504
PERBRCSS , HERA R XEUA 80.7% , LSTM AU i
BIE N 87.9% , 11 i $& LSTM-CNN A5 78 AF %o H A
2 P A A A A SRR A R R 1K92.2%
G AT D0, 45 i T LSTM-CNN #5580 B2 8 A 25 4k
B AN P A5 s A Tl R
4.4.2  SEBRGA B A3 25

(1) B RMEREMIK . 2T DA D, 7 far 5k
i, o3 BEALEE B 10 J7 4% B far 4%, # R 3 T4 i
YIREE SIALE , 56T LARK RAG I ZREEbn 2 58
Y| %5 LSTM-CNN #5278 512 3% 3 45 1 43 25, 5 K-
means Fl LARK HHREMATXT I, D, D R A
OEIPNBE R 6 T8, dse il iny FEARUNER 7 Fim .
H 2 7 APA, SCR R R IORE AR T LARK 53 ¢
2R L, i FRPRATHIER T 0.043 F10.044, K-
means F35 BARTE D, | iy FRFRE/N (B i FR AR
A 0.074, 3L J5 3k ise FEARAHEL T K-means £& 7+
0.118, ipy FRFRFETF 0.172 30K 1, Irit 4325
T A RE A T At 2 Fp oy ik

F®7 3#7k SC.DBI Xttt
Table 7 Comparison of SC,DBI of three methods

B4 8PF Komeans LARK  3CHJ5ik
isc 0.332 0430  0.475
ipm  1.535 1455 1414
isc 0.074  0.148  0.192
i 2715 2932 2.887

(2) gy RaE . K4 A%T DR
B REG R, /T LLE P A M 2
i, 8 o LR 57 iyl AT R B0 0 PR B L RTR
WETRM PR o 2R 1 — B R AR 2 DR A iy 19 97 ) /K
P FER R R B e 5 e PR By L 28
T B A K — BARME . Ay 6 Bl g g il
FHE BT o g sy B AN TR, 28001 7 L AU f) /- ] 672
il , 2550 4 NS5 6 F v v e 23390 HH BUAE B /R FB%
M, 0] 2 J& 5 3 RIS 8 i ML 7 (i W 1] £y , HC
FIH) 3 114 P R R I (R R SIS o ad A R
f14 SR P R, A B T H g 2 ) i B 1 B R
Tr g P m s K-

KR —— K5
071 K5 — K46
0.6 b 3 — 2517

e e — 2KRI8

5 0.5

D,

D,

4 BBATHE
Fig.4 Typical daily load profiles
(3) FEAEIA, SCrh e 77 2 4% LARK
A ARPUFE AR 25  LSTM-CNN 5 RIYI 25 [ 532 3
AR, LB T K-means \LARK K 37712 (Ul
ZRAE MR = 3 7)) TEAS [R) BUASE 67 fr 8080 4 1 3
ST AT R AN S PR

160 b —* K-means
140} = LARK
19 —= Tk

~
= 100t
E 8of

—

= 60r

40
20-’/%ﬁ

L) 15 20 25 30
K/ 73 %

5 EERMENLL

Fig.5 Comparison of algorithmic efficiency

M S Al LI, LARK R bl Hodls ML
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P INIE AT I ] ORISR, AE XS 30 J7 A5 0y 2k o0
iy LARK Sk 2 17 i [l A 1) 167 s, 1M 3CH 5 ik
DUHME 37.4 s, AT LARK RIERCRIETH 3.46 1%
4t K-means 3% JIF 20.5 s, X 7 ik BAHEL T
K-means JL3R50 2%  (HAE 70 L RE R BURAT, [R] I
SCHJT I FE BRI AE TR 2 RS YN R 23 JE A Y
AT (SLFERT 34.2 5) 7 B BOH N 3.22 5, 7338
B — B GRog el R . R, SCrp
J7 AL TR KA 73 R B AR

5 #ig

SCHR M T — Bl 2% R o3 A A A 18 £
Mk 32607k, FEAFE AT LSTM-AE SE3L 67 fa 4K
PRFEAE T RKDP-K-means BB PR1S 71 i 26
bR Kl 5 LSTM-CNN 73 2 55 1 52 B R AR 17
fif o3 =E8 o 3 B o A g 1 SCHh Oy Y
AR, BN S 8

(1) HF UCT AL L 5k 1 Fr g iy
RKDP ] UH 52 v i BT ¥ AT A 2L Tt K-means
XA BRI W SRR RE , b iy TRAREETH
6.6% , AT B> 17.1% 4

(2) #£ RKDP-K-means 535X} 1 ff 47 R 2843
Brisk, Frdi 1) LSTM-AE RS IO 1 nT A %42 71
RKDP-K-means ()5 IM B, TEACZATIIREE | i

RFREET) 35.4%

(3) fERMBLA far 4328 |, BT LARK 2R 5
LSTM-CNN J3 S RUARSS & 1Y 1A 3 2 07 AR L T
LARK S92 4 BHAF R 0 73 8 VERE , Hivh e F6 4R
$2T1 29.7% A AETL 3.46 ff
S 23k
(1] RRAG, 3 B0, 4. B TR IR 3 iy I fa AT 2 23 i 7 ik
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Residential user load curve classification method considering data imbalance
ZHANG Huibo', WANG Shouxiang' , ZHAO Qianyu' , REN Jie*, WANG Hai’
(1. Key Laboratory of Smart Grid of Ministry of Education ( Tianjin University) , Tianjin 300072, China;

2. State Grid Hebei Zhangjiakou Scenic Storage and Transportation New Energy Co., Ltd. ,Zhangjiakou 075061, China)
Abstract : Due to the diversity and randomness of users’ electricity consumption behaviors, the imbalance of load data classes is
increasingly obvious. Traditional load curve classification technologies have become ineffective to deal with the im-balanced
class problem of data. Therefore ,an algorithm combing improved K-means with long short term memory ( LSTM) neural network
and convolutional neural network (CNN) classification model is proposed. Firstly,to improve the classifica-tion accuracy of the
K-means on imbalanced data, a method of relative k-nearest neighbor density peaks ( RKDP) based on the density peak
clustering algorithm (DPC) is proposed to select the initial clustering centre of K-means. Secondly, in order to improve the
performance of RKDP-K-means in processing high-dimensional load data,an au-to-encoder based on LSTM is used to extract
load characteristics from high dimensional data, and com-bined with RKDP-K-means to obtain accurate load profiles labels.
Finally ,based on LSTM neural network and CNN ,load characteristics were extracted to construct load curve classification model
to realize the classification of large-scale load curve. Different algorithms are employed to classify Ireland smart meter data set
and London load data set. The results show the proposed algorithm is more effective and practicable in large-scale load curve
classification.

Keywords : load curve classification; imbalanced data; improved K-means; auto-encoder; long short term memory ( LSTM )

neural network ; convolutional neural network ( CNN)
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