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A new user load curve analysis method based on time series data mining

TANG Junxi!, CAO Huazhen!, GAO Chong', WU Yaxiong', SHI Ying?
(1. Grid Planning & Research Center, Guangdong Power Grid Co., Ltd., Guangzhou 510080, China;
2. Beijing Tsingsoft Innovation Technology Co., Ltd., Beijing 100085, China)

Abstract: There is a shortage of traditional methods for extracting the typical user load curve and the feature extraction of
the load curve in the current user load curve analysis method. This paper proposes a user load curve analysis method
based on time series data mining. First, the method reduces the dimension of the load curve of a single user based on
piecewise aggregate approximation, and re-expresses the load curve of the user for a period based on the symbolic
aggregate approximation method, and represents the user load curve with a symbolized sequence to extract the typical
load curve of the user. Then, combined with the load characteristics and time series characteristics of the typical load
curve of different users, based on the k-means algorithm, the typical load curves of different users are clustered to analyze
the power consumption characteristics of different types of users. A UCI test data set is used for case analysis, and the
results show that the proposed method can mine the typical power consumption characteristics of users and improve the
user load curve analysis efficiency and clustering quality.

This work is supported by the Science and Technology Project of China Southern Power Grid Co., Ltd. (No.
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Fig. 1 Basic flow chart of typical load curve
extraction for a single user
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Table 1 Gaussian distribution table

a 3 4 5 6
p -0.43 -0.67 -0.84 -0.97
P2 0.43 0 -0.25 -0.43
ps — 0.67 0.25 0
Pa — — 0.84 0.43
Ps — — — 0.97
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Fig. 2 Schematic diagram of user's re-expression of
load curve data for a certain day
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Fig. 3 Schematic representation of user's two-week load data
transformed into a symbolic representation sequence
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Table 2 Load pattern indexes
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Fig. 4 User load curve analysis method flowchart
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Fig. 5 All daily load curves of user MT_166
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Table 3 Symbolic representation results of all
load curves of user MT_166
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Fig. 6 Daily load curve corresponding to abcc
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Table 4 Comparing the number of clustering
curves of different algorithms

Jiik BLRMST B2 BEIFMT A4 KA

AT 27 80 132 78
W7 1 27 86 132 72
W7 2 73 199 42 3

PCA+k-means 23 82 137 75
LLE+k-means 33 74 184 26

5 LWFHERNMERELLER
Table 5 Performance comparison of experiment methods

Jitk SIL CH
ALT5i 0.416 2472
R 1 0.303 187.5
X EE 1 2 0.326 2219
PCA+k-means 0.407 2445
LLE+k-means 0.344 190.3

K 4 vJ51, ATk SXTHr7E 1 fl PCA+
k-means J7VAIANFIZE A B 1 SRS A P 4 B AR,
HA PR VRN AH Z 8K, B3R 5 "I EnA SR
SIL #1 CH $aFrs8m T HAth 4 Fpo5ik, BEBHASTT
ER o RROREAT,  FRHU sy 2R RFAIE RE A5 12 =
FRpiE, RLTTETIT.

4 i

ASCIE L 5N 18] P SRR 238 RS R G
AR AT IR, SR Tl A SR A g e 24 R
Tk, TR AR P AT N, AR
b e R P it it 2R R B AR S A BRI 7 . 285
25 ANTR 7 i R G Ay 2 ) DA R PR A R AL AT
5 [R] P BIRFE, 25T k-means ZRZEFIZIS AR A
Y SR G Ay AT IR I o BRI A ST 4
JTE LT G it 252 B 5 RSO M rl KK T+ 20
P8RS IR, Bk 1R A AT S A R .

W FEAN R L P ) A7y L ERARFAE, F230 F
O R, R DA B L 2 R BRI T AN IR
AEDANID IR SR S by S B N /AT I AR gE SR SN
DAL AL R A R i fe e 51 o BB L K

BORT 2 A FIAN SRAMmi SEFRE, R — 2B
FIE FE R ] 285 S 75 SR A e IS oxE P 74T it 2 ) S A
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