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Abstract

At present, it is common that daily increment of log data reaches TB level in domestic internet
companies, and the real-time multidimensional statistical analysis of large-scale log data is be-
coming more and more important for enterprise operation, management and decision-making.
However, the current large-scale log data analysis and processing technology is very professional,
and business departments and operation and maintenance departments whose demand of data
processing is most urgent are difficult to have such capacity. This paper designed a real-time mul-
tidimensional statistical analysis platform for large-scale log data through integrating Flume,
Kafka, Storm, HBase and so on. The platform is named Flying Streaming. It solves some key tech-
nical issues, such as manifold log data access, real-time multidimensional statistical analysis,
submitting, updating and deleting tasks by configuration instead of programming. Flying Stream-
ing provides users with the ability of real-time multidimensional statistical analysis without pro-
gramming. The application effect of Flying Streaming in the Internet enterprise is good, and it can
meet the needs for Multidimensional Statistical Analytics of most log Data of business depart-
ments and operation and maintenance departments.
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