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Abstract

In the era of rapid development of information technology, a large number of information data are
generated. If they are not properly sorted and classified, they cannot meet the requirements of fast,
convenient and accurate data search and use. With the development of information security
science and technology, the demand for sorting and sorting of these data is increasing, but the tra-
ditional clustering algorithm can no longer meet the needs of current information data processing.
Therefore, the optimization and improvement of the original algorithm or the reconstruction of a
new algorithm has become the most urgent thing now. At the same time, on huge amounts of data
processing, a single computer hardware facility cannot meet the demand of classification of data
processing. According to the above situation, this article is based on the Spark in a distributed
computing framework, on the basis of the clustering algorithm is optimized to improve. The use of
Apache Spark's big data processing framework extends the use of the computing model, and pro-
vides a parallel computing framework in memory. By caching intermediate results in memory, the
number of repeated disk I/0 operations can be reduced, so as to better serve the needs of iterative
computing, interactive query and other computing requirements. Through the optimization of
clustering algorithm to improve the computational efficiency of data analysis, processing and
classification, the significance of this study is realized.
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Figure 1. Shows the running architecture of Spark
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Figure 2. Operation flow chart of BIRCH algorithm
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