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Abstract

Aiming at the low efficiency of traditional distributed database architecture to store and manage
big data resources related to enterprise products, the processing and parallel analysis and calcu-
lation of massive data resources of enterprise products are studied, and a parallel data analysis
and data processing method based on MapReduce parallel architecture model based on Hadoop
platform is proposed. By optimizing the storage layout of data, based on MapReduce parallel
framework, multi-channel data fusion feature extraction technology is used to realize product big
data information extraction and parallel analysis and calculation, improving the efficiency of data
resource management. Actual verification shows that compared with the standard Hadoop
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scheme, the execution time of the multi-channel data fusion parallel feature extraction algorithm
is 34.8%, which realizes the efficient organization and management of product big data resources.
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Figure 1. Data distribution on standard Hadoop platform and data feature extraction on reduce process
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Figure 2. Data distribution optimization with CMCHA and map feature extraction
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Figure 3. Execution time and its variation trend of data upload
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Figure 5. Execution time comparison based on 2 algorithms
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