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Fig. 1 Schematic diagram of smart electric appliance network
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Fig. 2 Example diagram of normalization calculation

for electric appliance network data
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Fig. 4  Test results of two clustering algorithms

DL 500 4> R4k L g
.84 .

FYE Y 0,752 0.05

a2 i K-2I{EH5 5 DBSCAN L)
REROCR . K4 5 M PIR LR ARD AN 5 AR 4G
% H1 P Al UL DBSCAN 5 e [ sh 5B 1 52 W i 15
ZR/SI 20N V6 /RE SBRUEES S

XTHﬁﬁ}TT’ﬂI s K-B{E A R ZOR G W 4h R 26
LR E — S WI IR 23, SR X 0 46 3 20 247 1
b, B8R FIE O A TR IR G R A BRI
— AR LR P AN 4, AT BETCIA TS BT 25 i R 2
L5 T DBSCAN F9 3k n] 4 I 21 35 47 7 B AT: fif #
g W L7 i 1] [ Sl IR AR RO, B R VR
AR, 355 8 6 i = 1 & 1 £ s 1
SbEE,

5 ZERIE
TE 25 B HE FH H I 28 B B0 40 o) 4R -5 B0 1% T
R L AT BE T 5 7 0 T R B B B R

HEEOR A LA L, AN SCHR TR R H I 2% R
SR BEAT 0 — AL KO(E AR B, SR 5 #E 1T DBSCAN
RLBH o B AL 37 1 R
REJH HL 2 - 5 i S 14 U5 — P Ak 3R] 49 4 £ A T ]
LR AR RUBE , v SRk 9 SR IROCR , Rk
AE R 5 R R | B AL & 3l i BB I 5 %L
36, Il B A7 D D A X, A B P R R A
2, AT 1 5 i 2 G A 2 A 5 Ak Bk 1 s
HOR . MHCH I k¥ {E 5 3%, DBSCAN %?zET
FI Bl Wy 2R 2R 00 R B % ARG R

A7 HRE Uﬁ/JkEmE’JﬁTE%,TEﬂEﬁEFHEEz¥
£ FH RN 09 B0 o i, O Jis 2 P R RO 1 o3
Br S5 T TAR, B85 T R4 Ry R

SE K

(1] SRR, SN, TN, % . 850 A9 s 7 67077 e 30 7
MLT]. P E A LT RRAAR,2015,35(01) .37 -42.
ZHANG Suxiang, ZHAO Bingzhen, WANG Fengyu, et al. Short-
term power load forecasting based on big data[ J]. Proceedings of
the CSEE,2015,35(01) ;37 -42.

(2] RiEFE RS, T30, % . Hadoop 2244 F 3 T L IC L 1Y
S H Ty S TR s [T ] W T AR %4, 2018,33 (07)
1542 - 1551.
WU Runze,BAO Zhengrui, WANG Wentao, et al. Short-term power
load forecasting method based on pattern matching in hadoop
framework [ J |. Transactions of China Electrotechnical Society,
2018,33(07) :1542 - 1551.

(3] WAmAH, s, XIBHIE, 45 . BT R B AR 1o e B s 17



33 XBARAR, 2

I PR I ) SR 4 15 i ik 2

(9]

[10]

nEEMEHT )], BRI ,2017,41(01) ;265 -271.
HU Lijuan, DIAO Yinglong, LIU Keyan, et al. Operational
reliability analysis of distribution network based on big data
technology[ J | . Power System Technology, 2017, 41 (01 ) ; 265
-271.
ARS8, RIRAR, A5 . BT ORBR 1 L 1 % AT S A
AR BRI ], W R%HE ,2018,21(10) 113 - 17,
LING Dexiang, HUANG Tuo, GUAN Xiaolin, et al. Research and
practice of power client behavior analysis system based on large
data[ J]. Power Systems and Big Data,2018,21(10) ;13 -17.
BB, TR A, PMEA . ERC LI PN R B P B 5 B R
[J]. B MHEA,2015,39(11) :3122 -3127.
MIAO Xin, ZHANG Dongxia, SUN Dedong. The opportunity and
challenge of big data’ s application in power distribution networks
[J]. Power System Technology,2015,39(11) :3122 -3127.
XUBHOIE, B0 2%, AR iR, 45 . BB S R I RS oy 7 R
WEOPHAESE (] h g HL T AR 24 40, 2015, 12 (02) : 287
-293.
LIU Keyan, SHENG Wanxing, ZHANG Dongxia, et al. Big data
application requirements and scenario analysis in smart distribution
network[ J | . Proceedings of the CSEE,2015,12(02) ;287 —293.
TG AAEER, S0, 45 . R s T RN [T ] R
A ,2017,41(10) ;3333 —3340.
WANG Peng, LIN Jiaying, GUO She, et al. Distribution system data
analytics and applications[ J ]. Power System Technology,2017 ,41
( 10) :3333 —3340.
TR T, OCR, A5 B BB M4 Y B ) 2 5
)b[ ], BT HLRERTHAR ,2014,33(10) :52 - 57.
ZHAO Xuelin, HE Guangyu, YANG Wenxuan, et al. Design and
initial implementation of smart electric appliance network [J].
Advanced Technology of Electrical Engineering and Energy,2014,
33(10) :52 -57.
XIN S,GUO Q,SUN H,et al. Cyber-physical modeling and cyber-
contingency assessment of hierarchical control systems[ J]. IEEE
Transactions on Smart Grid,2015,6(05) ;2375 —2385.
KHAITAN S K,MCCALLEY ] D. Design techniques and applications
of cyberphysical systems:a survey[ J]. IEEE Systems Journal ,2014,9
(02) :350 —365.
T, 2R SO . BT AT 43 7 1 FH P BSOS = B T 58 R i
Y[ T]. BREA,2016,40(03) 791 - 796.
LIU Bo, LUAN Wenpeng. Conceptual cloud solution architecture
and application scenarios of power consumption data based on

load disaggregation [ J ] . Power System Technology, 2016, 40

[12]

[13]

[15]

[16]

[17]

[18]

(03) :791 -796.

RREEHL (5= . e FH H I 2% Bl R SR S50 £ ML P
[J]. PE AL TR ,2016,36(06) ;1544 - 1551
JIA Kungi, HE Guangyu. Research of smart electric appliance
network data collection and communication mechanism [ J ].
Proceedings of the CSEE,2016,36(06) :1544 —1551.
SRk BT I . HL S P S A B R R B 7 £ i
[J]. HM45AK,2016,40(03) :804 - 811.
ZHANG Tiefeng, GU Ming. Overview of electricity customer load
pattern extraction technology and its application [ J | . Power
System Technology ,2016,40(03) :804 —811.
ik, R YRR A FE TR E S AIREA G S RE
L R RIS [T ]. W7 A B ki, 2018
(01):129 - 136.
SU Shi, LI Kangping, YAN Yuting, et al. Classification model of
residential power consumption mode based on DBSCAN and
gravitational search algorithm [ J]. Electric Power Automation
Equipment,2018(1) ;129 - 136.
AR, B8, 2R, 45 . JE TR G SCIk SRTHI R 2L 2 i
ST I (1] il 53R ,2017,54 (11) :36 - 42.
LIN Shunfu, XIE Chao, LI Dongdong, et al. Load preprocessing
method based on grey relational analysis and fuzzy clustering
[J]. Electrical Measurement & Instrumentation,2017,54 (11) :
36 —42.
WU Y,ZHANG Z. Research on a new density clustering algorithm
based on MapReduce [ C]// International Conference on Geo-
Spatial Knowledge and Intelligence. Springer, Singapore, 2017 ;
552 -562.
ERHE, 2, T4 . T MapReduce (%515 %
W3], PSP 2017 ,37(S1) 163 - 67.
QIU Ningjia ,LI Bin, WANG Peng, et al. New density clustering

S $i i

algorithm based on MapReduce [ J] . Journal of Computer
Applications,2017,37(S1) :63 - 67.

Wl . BT TR A5 DBSCAN 532 (i 4 el e 2 ¥
AT R R ST D], bt AR RS, 2017,

s HHA.2018 12 - 14
EERA:

A (1978) , B, A EH R A, HA LRI, £ EM
TR A FIEAITEE, BRI AR EE T,

(AXFTHEHHE L K)

-85 .



L R B2 %

Acquisition and preprocessing of smart electric appliance network power data
DENG Donglin, XU Yin, CHEN Jian, YANG Renzeng
(1. Zunyi Power Supply Bureau of Guizhou Power Grid Co. ,Ltd. ,Zunyi 563000 Guizhou China;

2. Guizhou Key Laboratory of Electrical Power Big Data of Guizhou Institute of Technology , Guiyang 550003 Guizhou China)
Abstract : Solved the problem of data loss and noise in the process of data collection and transmission of smart electric appliance
network ,and improved the power data quality,which can be effectively use all kinds of big data analysis and prediction algorithms for
the electric appliance cloud platform. Based on the summary of the characteristics of data collection and data transmission of the smart
electric appliance network ,and the analysis of the data quality requirements of the cloud platform,this paper proposes a method of power
data preprocessing of the smart electric appliance network. After normalizing the electric appliance data collected by smart electric
appliance terminals, normalization data are extracted from noise, fuzzy and random data by means of clustering algorithm, and the
clustering effect of k-means clustering and density based spatial clustering of applications with noise (DBSCAN ) algorithms is compared
and verified. Compared with k-means clustering algorithm ,DBSCAN algorithm can automatically obtain the clustering number of complex
shape data sets while detecting data noise points,which is more suitable for electric appliance data preprocessing of the smart electric
appliance network.

Key words: smart electric appliance network ; data quality ; data preprocessing; clustering algorithm
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