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Abstract

In view of the problems of large scale, complicated structure and scarce data mining of agricultural data, the

application of big data open source technologies to the agricultural data analysis system is investigated. Based on the

characteristics of the agricultural data’ s spatio-temporal attribution, the classical big data mining technologies of

Hadoop, Storm and Spark are analyzed under the consideration of the features of agricultural data. Then, how to

develop a big data system for agriculture is described summarily. Finally, the challenges and research problems to

agricultural big data are concisely analyzed and summarized. It is pointed that it is necessary to do further research

on the related theory and applications to boost and realize the scientific decision based on data to provide the secure

guarantee for national food.

Key words: big data, agricultural big data, Hadoop, Storm, Spark
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