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Research on University Campus Big Data Platform/Based on Hadoop and Spark
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Abstract:The analysis of campus big data is a new!way of campus information development.Hadoop is a distributed

system infrastructure developed by Apache Foundation,which is an ecosystem integrating distributed computing,storage and

management.The current popular Spark framework is a distributed,computing platform similar to MapReduce in the Hadoop

ecosystem,and Spark is faster and more functional than MapReduce.With the main line of data collection,data storage,data

analysis and data presentation,this paper puts forward the big data platform architecture of university campus in combination

with the most popular Hadoop framework and Spark’framework in big data fields,and expounds the specific functions

of the architecture at all levels in detail,and gives a detailed description of the data collection and storage of the related

coefficients in the architecture.Finally,the campus big data analysis prototype system is designed to verify the feasibility of

the architecture.
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Fig.1 Campus big data platform architecture diagram
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5 #Eif(Conclusion)
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