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Abstract

In this paper, we study the parallel data mining based on Spark, and apply it to the data analysis of
process object. We propose some parallel algorithm flow solutions based on Spark by studying the
algorithm flow of stand-alone process object data mining. Through programming, parallel effi-
ciency testing and algorithm tuning, we conclude an optimized parallel algorithm flow. These so-
lutions improve the computational efficiency.
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Figure 1. Detection structure of process industry production process
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Figure 2. Algorithm flow of knowledge discovery system of process object
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