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Interactive Visualization Platform Based on MapReduce

Wang Jialiang, Qin Bo, Liu Jianjian, Liu Ni
(College of Information Science and Engineering, Ocean University of China, Qingdao 266100, China)

Abstract For dealing with the problem of ocean data’s interactive visualization, this paper proposes an interactive
visualization platform architecture based on cloud computing. It inserts GPU, MPI parallel computing into MapReduce
mechanism of Hadoop to realize the parallel processing of large-scale ocean environment data sets, such as data retrieval, data
extraction, data interpolation, analysis of characteristics’ visualization, so that the massive data’s visualization can be processed
in the remote interactive way. The experiment results show that the visualization platform architecture can combine MPI, GPU
with MapReduce effectively to meet the needs of ocean data’s interactive visualization.

Key words ocean environment information, cloud computing, GPU, visualization (kA3 B 4 .2012-07-20)
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