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Abstract

Abstract: With the rapid development of smart grid, the status monitoring data of power grid equipment
increase exponentially and gradually form the big data. Traditional computing architectures are no longer
to meet the demand of computing performance. This paper explores how Spark and Cloud computing
can accelerate performance of missive insulator leak current data pattern recognition. The Parallel KNN
(k-Nearest Neighbor) algorithm is designed and implemented by using Spark and Aliyun E-MapReduce
cloud computing platform. The results from experiments show that the performance of Spark-KNN is
2.97 times of MapReduce-KNN and gains acceleration of 8.8 times. The experimental results confirm that
Spark is more suitable for real time data processing tasks than MapReduce.

Keywords
power grid equipment, online monitoring, big data, Spark

Recommended Citation
Li Li, Zhu Yongli, Song Yagqi. Parallel Pattern Recognition of Leak Current Data Using Spark-KNN[J].
Journal of System Simulation, 2018, 30(4): 1473-1481.

This paper is available in Journal of System Simulation: https://dc-china-simulation.researchcommons.org/journal/
vol30/iss4/32


https://dc-china-simulation.researchcommons.org/journal/vol30/iss4/32
https://dc-china-simulation.researchcommons.org/journal/vol30/iss4/32

Li et al.: Parallel Pattern Recognition of Leak Current Data Using Spark-KNN

%530 &5 4 W RGN HFERO Vol. 30 No. 4

2018 4F: 4 J] Journal of System Simulation Apr., 2018

MR BRI Spark-KNN FEATHER R 5 7 12

A, RARA, R
IR KSR SIS TR, Wk (5 071008)

FE: MOEA e Wik Z R, WL AR A NN S8 248800 K, BRbrH R e NI & RE KR
MARFIE., BRIt ERME Rk Lt B e E R, 44 Spark A KA FHAKF[TE =
E-MapReduce =727 &, & & MR &K E LN A KIEFITHEX RA) 7 1#, 5 HERF & HRELE
2K ) F L XS A B 5] ] BRI 59 IR EE Uk B 95 e i b 5789 8 7. R AT T AT Spark 94T k 5k
i AR 4% Bk (k-Nearest Neighbor, KNN)Spark-KNN, 23T i3 44 F ik & 38 69 A4 X
iRA]. FEsE R &, Spark-KNN #9-F 3442 Hadoop MapReduce 52389 2.97 42, R T RS
8.8 1Z 8y ik b, R iE SHATE A% A VI K BB 09 2 i AL FEAE 4.

X B Wikg; AE&KMM; KIkdE; Spark

S TM764 SCRRBRINES: A WSS 1004-731X (2018) 04-1473-09

DOI: 10.16182/j.issn1004731x.joss.201804032

Parallel Pattern Recognition of Leak Current Data Using Spark-KNN
Li Li, Zhu Yongli, Song Yaqi

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

Abstract: With the rapid development of smart grid, the status monitoring data of power grid
equipment increase exponentially and gradually form the big data. Traditional computing architectures
are no longer to meet the demand of computing performance. This paper explores how Spark and Cloud
computing can accelerate performance of missive insulator leak current data pattern recognition. The
Parallel KNN (k-Nearest Neighbor) algorithm is designed and implemented by using Spark and Aliyun
E-MapReduce cloud computing platform. The results from experiments show that the performance of
Spark-KNN is 2.97 times of MapReduce-KNN and gains acceleration of 8.8 times. The experimental
results confirm that Spark is more suitable for real time data processing tasks than MapReduce.
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