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Big data: connotation technical framework and its development

Peng Yu Pang Jingyue Liu Datong Peng Xiyuan

( Department of Automatic Test and Control Harbin Institute of Technology Harbin 150080 China)

Abstract: The large amount of data increases significantly in the tests experiments and condition monitoring of com—
plex system the big data becomes the research hotspot in various industrial fields. Thus connotation of big data is
concluded from its definition production and characteristics etc. And this work also focuses on the three generation
elements to show the inevitability and specialty of the era of big data. In accordance with the big data processing pro—
cedures involving its production storage pretreatment analysis mining and presentation this paper summarizes the
universal technology framework for the big data processing. Moreover the development status of technologies involved
in the framework is also analyzed in detail. Finally from the view of data science industrial 4.0 and cyber—physical
system the trend and challenges are further explained.
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Table 2 The specific features of big data in different areas
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