Fardk HoSW it ®H Pl B % Vol. 44 No. 5
2017 45 A COMPUTER SCIENCE May 2017

SERRMEMEME @R AL

B R I
QEE S /INCE-SR-F B £

5 F
(PEMNEREEIHAREHR L3 100093) Jb 7 100029)?
B E Hs2AXASHAFEATHBEANTINEZGHEF X, EFRBAT I 2HLEARELE, BRT 5%
XA BERETH A AN T D ERBOFARR AT RS A XKERB . 0HFA XA FER. 2HFXALHG >
B it AT T 5 A Fe s ;38 1 T & T Spark Streaming #» Apache Kafka #3249 5 XA Z 08 A, AH K i $ A L4
REGH X, R KA R % MR Yeik o, 483 T A F Apache Flume #9 de ki H K% 1 482 £, & Spark
Streaming # & & £, AT & F Spark SQL #4 H-A XA B4 @, 3 T A/F% MM SQLEH M F ik, AT
A KEW, MRXEREAAEFZMEHELGOEAT, BAGLBN SQL &2 4 d LA R ZARY,
KR KEE,ALERE. 2 A XNREH, #9048, Kafka Peif
hEES%EE TP24 XRARIAE A DOI 10.11896/j. issn. 1002-137X. 2017. 05. 031

Optimization on Distributed Stream Data Loading and Querying
YI Jiat XUE Chen? WANG Shu-peng!

(Institute of Information Engineering, Chinese Academy of Sciences, Beijing 100093, China)?
(National Computer Network Emergency Response Technical Team/Coordination Center of China, Beijing 100029, China)?

Abstract Distributed stream query is a kind of real-time query computation method based on data stream, which has
been widely concerned and developed rapidly in recent years. This paper summarized the research results of the distribu-
ted stream processing framework in real-time relational query. There is an in-depth comparison of some products, inclu-
ding the distributed data loading framework, distributed stream computing framework and distributed stream query sys-
tems. The paper proposed a distributed stream query model based on Spark Streaming and Apache Kafka,and designed
a fast data loading technology based on virtual memory file system, which gets the data loading speed one time faster
compare to Apache Flume, On the basis of Spark Streaming,a distributed stream query interface based on Spark SQL
was realized,and a method for parsing SQL queries was proposed to implement distributed query in data stream. The

experiment results demonstrate that,in the case of complex SQL queries, the method of analyzing SQL by writing code

by oneself has obvious advantages.
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