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A controllable clustering model of the electrical load curve based on variational mode
decomposition and fast search of the density peak

GU Ziwen?, LI Peng?, LANG Xun?, YU Yixuan!, SHEN Xin% CAO Min?
(1. School of Information Science and Engineering, Yunnan University, Kunming 650091, China;
2. Electric Power Research Institute, Yunnan Power Grid Co., Ltd., Kunming 650217, China)

Abstract: As a kind of non-stationary signal, the electrical load curve can be regarded as composed of a wide-stationary
low-frequency component and a non-stationary high-frequency component. Aiming at the temporal multi-granularity
characteristics of load data, a controllable clustering model of the electrical load curve based on variational mode
decomposition and fast search of the density peak is proposed. The original load curve is decomposed into three modal
components of low-, intermediate-, and high-frequency by variational mode decomposition. First, the low-frequency
modal components of the load curve are used to achieve coarse-grained clustering among clusters. Then, the
intermediate-frequency components are superimposed on the subclasses to achieve fine-grained clustering within the
cluster. The validity of the proposed model is verified using the OpenEl data set and compared with different clustering
algorithms for the direct clustering of the original load data. The experimental results show that the model can achieve
reasonable clustering at different time granularities.
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Fig. 1 Visual distribution of original load curves
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Fig. 6 Decision graph for coarse-grained clustering
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Fig. 8 Coarse-grained clustering results among
load curve clusters

=1 REENERENAFER
Table 1 User information of coarse-grained clustering
among clusters

(| eauit ERES H2R ERES] Ha4R

LR T 0 0 0 850
=B 850 0 0 0
KRB E 0 850 0 0
KEIpAE 850 0 0 0
R AE 850 0 0 0
TEAE 0 0 850 0
1L 850 0 0 0
N 850 0 0 0

St S I 0 0 0 850
g 850 0 0 0
/INRYP E 0 850 0 0
UNiLYIYN 850 0 0 0
Mz 224k 5 850 0 0 0
WA HRELIX 850 0 0 0
KT 850 0 0 0
RENC 850 0 0 0

3.1.2 ffar Hl 2 A% A AR B SRS

a3 M EER R FE B R T RS AMR I sk B, A
Wil fE A REFOIEAR SN EER KT 1, &
KRIRAAE 1 LRFErTHATIENREA IR R HEE
1 54717 B 28 ) BLIMFL Al BLIMF2 #7549 /e itk AT
7% A BT B 00 B SR D, I 9 sk,
SR 3 MEAME AR L, BRPLES
WK 10 s, mARIREES KA 11 s, %8
PRI PR B3 2 Fis.

11 REEQFESAR, FRAMET, EE
IR EEAE 09:00—17:00, IEEILRFEEZ) 8h, £ 1-2
KREEQRFEBA T2, WEEREZAE 07:.00—



-124 - CEEE R R

17:00, U IEHFEEZ 10 h. 5 1-3 KU BIECE,
UEAF 3 17) 3 LAE 09:00—16:00, UEAEFLFFEEZ) 7 h.,

3 000

2500

2000

1 500

1 000

500

0
0 2000 4000 6000 8000 10000

B9 21 AKHREKE
Fig. 9 Decision diagram of cluster 1

PRIELTh

1-2
A oL 1-1 01:00

B 10 55 1 4MAIRE B2 ey

Fig. 10 Fine-grained cluster centers of cluster 1

2
N w1
= =
S S o
g % -l
2 i d 2
01:00 12:00 24:00 01:00 12:00 24:00
m %) B %)
(a) 55 1-1 % b) 122K
2
%
R
S|
#0
ﬁ
-1
01:00 12:00 24:00
%
)13

B 11 55 1 SERVARRI B IR

Fig. 11 Fine-grained clustering results of cluster 1

®2 B 1IXRBRERLNAFER

Table 2 User information of cluster 1 fine-grained clustering

k27 11 123 1-3 3%
Bt 0 850 0
KEIPNE 850 0 0
RRIP N 824 26 0
Rzl 20 830 0
N 850 0 0
e 846 4 0
INBLTP S 850 0 0
I A 850 0 0
PAN T ENIARS 850 0 0
YT 850 0 0

) 0 0 850

3.2 tATarHhZ BB XTEL

RS B (GMM)IE F T 2 Bl R 1E I 25 %
TR, B—MEi R TEE, T IEAR
SCOTERA R, SR CFSFDP By: M GMM &%
X} SR AE AR (z-score Bt fb) 4T BB 2 . CFSFDP
A 12 Rk, Bhik 6 MEEARIE N RSP,
RERPOIEEWE 13 Pror, RAMRRL LK
14 7. GMM Sy TR EN T E BRI,
T I ER L E 5 CFSFDP AHIE HI SR A, &
LR R 15 B . CFSFDP Al GMM 158
FRAER B FIRIIH ) E B3R 3 Fis.

UK 6. B 9 AIE 12 1y 43 An ] s,
VMD-CFSFDP #i1 CFSFDP 35 KL T 6 MK,
Wt B E Ik AS [R] B[] OB 1) J2 Uk a4 SRSRAN 20 b
TR H A, B g 7. & 10 A
Kl 13 ISR ITERS BT PR AN [R) 2 1 X
T A o7 R TR B TR S FRIBE S Z R ER
K, Kt VMD-CFSFDP 5y AE g4 R4 [X 431X 5
Fhtifr, 11 CFSFDP T HEXFEABITERE, &
B FEVEAE AN, VSR X A S
IF] ) XU TR T 2y

CFSFDP Sk 5as Forbr, )5 A H i kil
IINES 22K, PR [ETE SRR X R F - A7 7R
BB DABERID T 62K, ZRMAMES
Ny Hg, A A KAy 08:00—16:00, WAfE LEE
%:#418h. 5 VMD-CFSFDP %5 1-1 2/ {7 AE I 1
AR AN SR B AN, AT A0 AR SR s (] 2K
WA 8 he GMM BVEI IR ZE B, KA 5 A/
RO )5 #0000 A B IR, Jpkl 3 T A
F R, 20 BRI/ INE YR P AN ] G A T 265
(R BUIET l R) TR B AE S 3 35, TE FUIG T I R 40
Zerp, AN [] Vg HR B BB R g B e 45 T 1 R P A A



BEEL, & HET AR MRS 3 AR R e PR AR 2R (14 v, 7 Al 2R T 4 B S A - 125 -
# 3 CFSFDP #1 GMM REHEXHEMAFER
Table 3 User information of various clusters clustered by CFSFDP and GMM
ey CFSFDP HEREEA SR GMM SRR A 5 S
WL B2k HI3E a4k H5EK OHeR 1% 2 B3 AR HB5HK ek
SRS EIT 0 0 0 0 850 0 0 850 0 0 0 0
Pz 0 0 850 0 0 0 850 0 0 0 0 0
KA RS 0 850 0 0 0 0 0 2 0 848 0
KEIPNE 186 0 0 0 664 118 0 0 732 0 0
RSN E 0 0 0 0 850 0 0 0 850 0 0
TEAE 0 850 0 0 0 0 0 0 850 0 0 0
iz 2 0 840 0 0 8 840 0 0 10 0 0
N 850 0 0 0 0 0 0 0 0 0 0 850
P R4 T 0 0 0 0 850 0 0 850 0 0 0 0
g 848 0 0 0 0 2 364 0 0 0 0 486
ANELIP G 0 850 0 0 0 0 0 0 850 0 0 0
NS ARE 0 0 0 0 0 850 0 0 0 850 0 0
ML EEE 850 0 0 0 0 0 0 0 0 0 0 850
WA EDILX 850 0 0 0 0 0 0 0 0 0 0 850
T 850 0 0 0 0 0 0 0 0 0 0 850
B 0 0 0 850 0 0 0 0 0 850 0 0

VRIS, DA BICEMER, 5K
I B R PR 5 9 T BERE AT T2 TR AR o

N TP B3R 3 Fh G g h 2 it 3R 2R
JifE, @ 1.3 R 3 M REREIFN AR T
XTEG, HAERWEK 4 Pros. NEREEIBR RIS,
VMD-CFSFDP ] SSE bt f/), 1 SRIEs
REMRABER LR B/ DBl fatbr i f /),
YA REE AR N VRS, R BT HGE B
SC fabr B B, 1t W SRS 45 SR 772 1) 75 2 14 P

R4 BERSITNIEIRAOXTEL
Table 4 Comparison of cluster quality evaluation indexes

RIHNEIR VMD-CFSFDP CFSFDP GMM
SEE 6 605 6 690 7319
DBI 07157 0.9228 1.2158
SC 05222 0.4334 0.3428
4000

3000

2500

2000

1500

0
0 2000 4000 6000 8000 10000 12000 14000

B 12 [RIGEERE AR R E

Fig. 12 Decision diagram of original samples

Ko B, VMD-CESFDP 7FiX 3 gl dhl
FRFERIRLT -

15t
10t
Boo0sr
]
¥ 0r
o
l:_;: -05¢
-1.0
-15f 24:00
zoM
>4 3 T o0 MA
RHpL
13 [RIGHARIR Al
Fig. 13 Original samples cluster centers
2 2

PRUEALTH 3
o

LR AYES
o

01:00 12:00 24:00 01:00 12:00 24:00
it %) %)
(a) 512 (b) 23
2 2
B LR
= = 1
= (=)
T 0 <
= # 9
B 4 &
g
) 1
01:00 12:00 24:00 01:00 12:00 24:00
%) Ft %)
(c) 53 % OETES



CEEE R R

-126 -
2
s X
= 0 =
&
B E
-2 -2
01:00 12:00 24:00 01:00 12:00 24:00
A it Zl
(e) &5 HK GETES
14 CFSFDP E23t4E
Fig. 14 CFSFDP clustering results
2 2
M1 M1
] ®]
2 0 X 0
o &
E - B -
;) S ' 2
01:00 12:00 24:00 01:00 12:00 24:00
%) %)
(a) 5513 (b2 %
3 3
18 2 2
i B
S| 2 1
A a0
g0 M 0
B B
2 ) ‘
01:00 12:00 01:00 12:00 24:00
B % EF %Y
() 53K (d) 554 %
- B
=) =
> S
=3 v 2 i
01:00 12:00 24:00 01:00 12:00 24:00
i %) %)
OEEES OELES
& 15 GMM B4R
Fig. 15 GMM clustering results
4 55

ARSI A 38 1 AR AR A R R IUR 46
ERERENEIEIE S n - P bk -4 LRSS S RFS
345 AN [ B[] RUPE AR 25 73 2 S B A A 114 T 4 2R
o St Bt RS B S e T A7 T 4 2 R
DMy BEEAT TR AT S i 0 47 r 2 8] AR 45
A5 S, IFSeBURSE H B MR R RS FEAIR
B BRI GE RFEA B e > B, SeB
AU SR . Il S M, SRR SRR AT
CASIEAN ]I 5] F0RE FE (R mT #2382 0 i, O HLRERS
(EEILIEE SN A S

B IZAE R BEAT S AT 028, A B Tt
VR 4 75 K i 7 L 472 FH P A [ B ) RUBE ) 1

PE, - AT E & B EGE,

IR RENS T P TR it

Eiy iy woilib): &
P
(1] MR, ¥, XERI, & ZaER YRS T

(2]

(3]

[4]

(5]

(6]

(7]

(8]

1 = BIC LRI BER SRR 3], H ) R GEOR Y 5 2
2020, 48(3): 43-48.

XIAO Zhenfeng, XIN Peizhe, LIU Zhigang, et al. An
overview of planning technology for active distribution
network under the situation of ubiquitous power internet
of things[J]. Power System Protection and Control, 2020,
48(3): 43-48.

HUANG Wujing, ZHANG Ning, KANG Chongging, et al.
From demand response to integrated demand response:
review and prospect of research and application[J].
Protection and Control of Modern Power Systems, 2019,
4(12): 148-160. DOI: https://doi.org/10.1186/s41601-019- 0126-4.
724, BREER), Z94R5E, 55, B REF I Hh I EoR
RIS R[] ) RGeS 15, 2020, 48(3): 58-69
HE Fenglu, CHEN Jiaqgi, LI Qinhao, et al. Application
and development of internet of things in smart grid[J].
Power System Protection and Control, 2020, 48(3): 58-69.
BN, XRhTT, TR, 5. T [ e R TR R H
FIRBAERBEBOR[]. o+ E L TR, 2015, 35(3):
503-511.

PENG Xiaosheng, DENG Diyuan, CHENG Shijie, et al.
Key technologies of electric power big data and its
application prospects in smart grid[J]. Proceedings of the
CSEE, 2015, 35(3): 503-511.

h, INVRF, BE s, & BT S0l K-Means FE251
W2 R IIBARIE BE T VE]. BN S iE SRR, 2020
36(7): 9-15.

HAN Shuai, SUN Leping, YANG Yiyun, et al. A data
cleaning method based on improved K-Means clustering
and error feedback[J]. Power System and Clean Energy,
2020, 36(7): 9-15.

MIBE, M, £, & 2 TE B BOR A
Ik JE R S et 2 2RO VED] P E HNL AR AR
2017, 37(8): 2242-2252.

LIN Shunfu, TIAN Erwei, FU Yang, et al. Power load
classification method based on information entropy
piecewise aggregate approximation and spectral clustering[J].
Proceedings of the CSEE, 2017, 37(8): 2242-2252.
RIVHE, w5, WS, & TR REEERN
A fifar i 26 52K 1 0], B RGP 5441, 2020
48(6): 68-76.

WU Yaxiong, GAO Chong, CAO Huazhen, et al. Clustering
analysis of daily load curves based on GWO algorithm[J].
Power System Protection and Control, 2020, 48(6): 68-76.
LI Kehua, MA Zhenjun, ROBINSON D, et al. Identification
of typical building daily electricity usage profiles using
Gaussian mixture model-based clustering and hierarchical
clustering[J]. Applied Energy, 2018, 231(1): 331-342.



BRI, %

ST AR G RS 7 ffp RV L WAL DR 2R 1 L ) A7 il 2 ] s SRR

- 127 -

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

AHMADI H, MARTI J R. Load decomposition at smart
meters level using eigenloads approach[J]. IEEE
Transactions on Power Systems, 2015, 30(6): 3425-3436.
XIA Yang, GOU Bin, XU Yan. A new ensemble-based
classifier for IGBT open-circuit fault diagnosis in
three-phase PWM converter[J]. Protection and Control of
Modern Power Systems, 2018, 3(33): 364-372. DOI:
https://doi.org/10.1186/s41601-018-0109-X.

ZHAO Wenjing, SHANG Ligun, SUN Jinfan. Power quality
disturbance classification based on time-frequency domain
multi-feature and decision tree[J]. Protection and Control
of Modern Power Systems, 2019, 4(27): 337-342. DOI:
https://doi.org/10.1186/s41601-019-0139-z.

PATEL U J, CHOTHANI N G, BHATT P J. Sequence-
space-aided SVM classifier for disturbance detection in
series compensated transmission line[J]. IET Science,
Measurement & Technology, 2018, 12(8): 983-993.

WL SBEERE, HAE, & TE BERANADRS B R AR
AR A 1R SCHRF 1) B AL B iR S eg T30 D7 95 0], R R,
2017, 41(1): 210-214.

XIE Min, DENG lJialiang, JI Xiang, et al. Cooling load
forecasting method based on support vector machine
optimized with entropy and variable accuracy roughness
set[J]. Power System Technology, 2017, 41(1): 210-214.
TR, AW BT 0 B R BR 2% I A R S e
BB D] 4R, 2018, 42(10): 3393-3400.
WANG Dewen, ZHOU Fangfang. Extraction of electricity
consumption load pattern based on unsupervised extreme
learning machine[J]. Power System Technology, 2018,
42(10): 3393-3400.

TR, R, S, . 4O RRYEROR I By i ith
LRAERMFEREILN]. FEBEHL LS, 2015, 35(15):
3741-3749.

ZHANG Bin, ZHUANG Chijie, HU Jun, et al. Ensemble
clustering algorithm combined with dimension reduction
techniques for power load profiles[J]. Proceedings of the
CSEE, 2015, 35(15): 3741-3749.

RODRIGUEZ A, LAIO A. Clustering by fast search and
find of density peaks[J]. Science, 2014, 344: 1492-1496.
HOU Jian, ZHANG Aihua. Enhancing density peak
clustering via density normalization[J]. IEEE Transactions on
Industrial Informatics, 2020, 16(4): 2477-2485.

WHATE, =AU, WY, KT % Rl PR
HREREEN]. PEBEE FERE, 2016, 46(2):
258-280.

XIE Juanying, GAO Hongchao, XIE Weixin. K-nearest
neighbors optimized clustering algorithm by fast search
and finding the density peaks of a dataset[J]. Science
China: Information Sciences, 2016, 46(2): 258-280.

LIN Shunfu, LI Fangxing, TIAN Erwei, et al. Clustering
load profiles for demand response applications[J]. IEEE
Transactions on Smart Grid, 2017, 10(2): 1599-1607.
DU, BRRZ, TRIEAR, & —FhEETXRIERERHE

I3 BT 18 Sgeg B 2 R] PR AR AR DT VR D). R,
2018, 42(3): 903-913.

BU Fanpeng, CHEN Junyi, ZHANG Qiqi, et al. A
controllable refined recognition method of electrical load
pattern based on bilayer iterative clustering analysis[J].
Power System Technology, 2018, 42(3): 903-913.
WRiRZ, TUWH, HIEH], & T ool s e gl
SO ) Bt i R R[], B R G R S 1%
#1l, 2018, 46(20): 85-93.

CHEN Junyi, DING Jianyong, TIAN Shiming, et al. An
improved density peaks clustering algorithm for power
load profiles clustering analysis[J]. Power System
Protection and Control, 2018, 46(20): 85-93.
DRAGOMIRETSKIY K, ZOSSO D. Variational mode
decomposition[J]. IEEE Transactions on Signal Processing,
2014, 62(3): 531-544.

HUANG N E, SHEN Z, LONG S R, et al. The empirical
mode decomposition and the Hilbert spectrum for nonlinear and
non-stationary time series analysis[J]. Proceedings A,
1998, 454: 983-995.

SMITH J S. The local mean decomposition and its
application to EEG perception data[J]. Journal of the
Royal Society Interface, 2005, 2(5): 443-454.

2T, Eitl, XET, % FET RS MR
ResH EIAL UL AN A R E ] WA RGR
51, 2020, 48(6): 43-52.

LI Weiguo, JIAO Panlong, LIU Xinyu, et al. Capacity
optimization configuration of energy storage auxiliary
traditional unit frequency modulation based on variational
mode decomposition[J]. Power System Protection and
Control, 2020, 48(6): 43-52.

[26] WANG Shuliang, WANG Dakui, LI Caoyuan, et al.
Comment on "“clustering by fast search and find of density
peaks"[J]. arXiv preprint arXiv: 1501.04267, 2015.
DAVIES D L, BOULDIN D W. A cluster separation
measure[J]. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 1979, 1(2): 224-227.

KWAC J, FLORA J, RAJAGOPAL R. Household energy
consumption segmentation using hourly data[J]. IEEE
Transactions on Smart Grid, 2014, 5(1): 420-430.

[21]

[22]

[23]

[24]

[25]

[27]

(28]

W EHEA: 2020-06-23;
EEE N

BEL(N995—), B, MEARLE, EREFHRLFTEHE
A REESHEEE, FiiELELE; E-mail gzw@
mail.ynu.edu.cn

= m(1976—), B, @d@fEEH, HLd, s, 12
ART @R MERERIBLKRA, € KBS EZ
A% E-mail: lipeng@ynu.edu.cn

R (1994—), B, LG, T2 IMAIT LK
HAEHHT 5 #AE . E-mail: langxun@ynu.edu.cn

(%4F £ATm)

{&EIHER: 2020-08-17



