LRGN ISSN 1003-3254, CODEN CSAOBN E-mail: csa@iscas.ac.cn
Computer Systems & Applications,2018,27(9):74—80 [doi: 10.15888/j.cnki.csa.006551] http://www.c-s-a.org.cn
O E RGBT TR . Tel: +86-10-62661041

£T Spark BYHHENAH BEITAR TR RS

MRS, B, 2R, BT

(P EF RS (B AR) TN S5 TREERE, 5 266580)

BIEE: B E N, E-mail: chenleiming1930@sina.com

WO fEE N E BRI AR, Bk 2 10 1T N4 R G AE I W 8- s e & s . bk FE S R B0 T
K FREE S, WA PUET Al 528 R G IS AT 15 R 22 AR08 A T FH DGR (1 7 22 ol L. 7R 468 P S ] 2 45 1 )
I, — 27 A5 B2 DL H B RE A2 Tk, B 7 H S 8dE T W’%i‘{ﬁiﬂjﬁﬂ)ﬂiﬁ i) BT, Rl % R TE
FR) 22 2 ) R, 3 1T Dy ety FE S FH DA i it ok AR . SR BE S 1T ik%iﬁl‘_ﬂ%%ﬂi%ﬁ, MHHEMHE. FEh
i, SUEE BRSBTS i B AR HEAT 0 M CLZE VAT A it B 2555 3R, BFXTIX AN A SR T 3T Spark 75 AE
BRI N H EAT AT, RIRBE T AT AL & 58RO AN B R 4 1) H

KHRIR): N H ;AT 85 H; Spark; FTRAL T &5 40 R E B

Sl BRER A, AT, 456598, 25 7 7 25 T Spark B H R B EBAT N0 RE . EHL RSN H,2018,27(9):74-80. http:/www.c-s-
a.org.cn/1003-3254/6551.html

Oil Fild Application Log Behavior Analysis System Based on Spark

CHEN Lei-Ming, ZHANG Wei-Guang, LI Xiao-Ran, LI Ning-Ning
(College of Computer & Communication Engineering, China University of Pertroleum, Qingdao 266580, China)

Abstract: With the rapid development of Internet information construction, more and more IT systems are widely used.
Due to the huge amount and complexity of oilfield applications, how to quickly evaluate the operatiou}n and safety status of
various systems has become an important issue in oilfield. When using the business system, some acéesé information was
recorded in the form of logs at the same time. By analyzing the log data, the user’s access preferences can be excavated
and the potential network security problems of the business system can be: foﬁnd} thus providing a decision basis for the
evaluation of oil field applications. However, with the rapid increasé of business access, the amount and storage capacity
of logs also increase. Relying on single computer environment, analyzing massive log data has been unable to meet the
needs of applications. In view of this problemys this study proposes a log behavior analysis method based on Spark
calculation framework and'designs a §er\;ice platform for visual management based on Web.

Key words: application log; :behavior analysis; Spark; visual platform; management of analysis system
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