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Research on Log Data Real-Time Processing System

Based on Hadoop and Storm

L Yang', LV Jia-ke'*?
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2. The Chongqing Key Laboratory of Digital Agriculture . Chongqing 400716, China

Abstract: Log data record rich information is of high practical value. In today’s era of big data environ-
ment, the amount of data brought challenges to the processing of log data. In order to solve the bottleneck
problem of massive log data processing effectively, Hadoop and Storm have been integrated in this paper to
design and implement a distributed log real-time processing system integrated with off-line computing and
real-time computing. The system architecture consists of data service layer, business logic layer and Web
presentation layer. In data service layer, Flume is used to collect log data in real time, Kafka and HBase
are used to achieve the real-time log stream data buffer and the system data storage. In business logic lay-
er, Storm is used to carry on the real-time analysis to the real-time log stream data, and Hadoop computing
engine MapReduce and Data Mining are used to complete the massive historical log data off-line analysis,
the results of off-line analysis provide support for real-time analysis. Web presentation layer is responsible
for the log and analysis results show. Experimental results show that the system can effectively solve the
problem of log data acquisition and storage, real-time analysis of the real-time log stream data and depth a-
nalysis of the massive historical log data. And the advantages of Hadoop and Storm are successfully fused.
The system also is a new technical reference for the construction of the log data acquisition and analysis
system.

Key words: log; Hadoop; Flume; Storm; HBase

RERE EEZ



