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Research and application of Spark’s parallel processing technology in rock sheet images
WANG Kang
(School of Computer Science, Xi‘an Shiyou University, Xi‘an 710065, China)

[ Abstract] With the growing number of rock images, various quick and efficient image segmentation processing algorithms are
applied. This paper integrates the traditional image segmentation processing method with Spark, and proposes a Spark—based rock
slice images segmentation processing method. Firstly, the binary image preprocessing conversion method is used to store images into
the distributed file system HDFS. Secondly, the transfer function method is applied to avoid the image segmentation processing
algorithm to perform Mapreduce conversion, and the fast general image segmentation processing is realized. The simulation using
DBSCAN image segmentation algorithm proves that Spark—based rock slice image segmentation processing has better adaptability

and higher efficiency, which is suitable for segmentation processing of large—scale images.
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