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Parallel processing researches of medical image based on Spark
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Abstract: With the growing number of medical images, in order to effectively and quickly process medi-

cal images and make all kinds of medical images processing method get quickly transplant and apply. A

medical image parallel processing method based on Spark is proposed, which integrate traditional medical

image processing method with the Spark. Firstly, preprocess images base on binary conversion method,

store images in the HDFS distributed file system. Secondly, implements a transfer function way. which

realized image parallel processing quickly, avoid convert the image processing algorithms to the MapRe-

duce algorithms. Thirdly. according to the experiment, medical image parallel processing method based

on Spark has preferable adaptability and efficiency, which can adapt to the large-scale image processing.
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sc=SparkContext(appName="images1") ;

init=sc. textFile("hdfs://imagel. txt");

img = init. map (lambda x: ImageAlgorithm
(x));

img. collect();

def ImageAlgorithm(x) ;
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