Fa4 53
201642 H1H

A ERBEYE DN

Power System Protection and Control

Vol.44 No.3
Feb. 1, 2016

DOI: 10.7667/PSPC150548

—HET Spark FIREXDTHIFHRBE A RFEA RBUEMAE

LR, XEAR

(dedbd, H KFI4 St AT A%, @k £2 071003)

WE: WMEBREFRAERAWRATELE, B REEI Sl Sy ias. Sai) /g
A RAHRAG T30 ) RGORAATUE 45 T AL PE BEAR, % 58 5 A B A v 4 A i S L S A 2
I AERELIRAT I MapReduce HE LA GEA AL AT LA 555 ) /8, 241 —FPIET Spark 15747 K-means Hi%Hf
TN BB 7% . AR5 fU ) S A B e %, 18 2L T Spark 19147 K-means S8 285 ES2HUH H
ST REE M2k, 43 Bk B RS AS TF A A R BRI TR AN SN . 3 EUNITE $& (it 2L 52 HL ) S g B 1k
TSR, 25 TRV 7 R mrtR A a5 R Ui 1, 525 T MapReduce HESE Wk AHEL, B SEAFI4 N
TELL. FREYE, AETE A AL T ) RGO R R

X##iA: Spark; IS K-means; W RS AR Fardhgknds

A new method for identifying bad data of power system based on Spark and clustering analysis

MENG lJianliang, LIU Dechao
(School of Control and Computer Engineering, North China Electric Power University, Baoding 071003, China)

Abstract: With the development of intelligent power system construction, power data shows a massive and multi
dimensions trends. The bad data in power system reduces the accuracy of the estimation results in the state of the power
system, computational resources of the traditional clustering algorithms dealing with massive high dimensional data with
single machine are insufficient, and the MapReduce, more popular in recent years, cannot effectively deal with frequent
iteration calculation problem. According to the above, this paper puts forward a new method of identifying bad data with
parallel K-means algorithm based on Spark. To a certain node load data as the research object, the parallel K-means
clustering algorithm based on Spark is used to extract daily load characteristic curve, to detect and identify bad data in
state estimation of power transmission network respectively. Experiments are conducted with the data of the real load
provided by EUNITE, the results show that this method can effectively improve the accuracy of state estimation, and
compared with the method based on the MapReduce, it has better speed-up ratio, scalability, and can better process
massive data in power system.
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