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Data Block Density Scheduling Strategy Based on HDFS in Shared Cluster
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Abstract With the development of cloud computing technology and mass data processing technology, shared clusters
use HDFS as a distributed file system and manage computing resources through virtualization to provide operational re-
sources for computing frameworks and applications. The data localization of mass data processing applications is a key
factor which affects its performance. At present, the research of shared cluster management framework’s scheduler
mainly focuses on improving the throughput and resource utilization of the system by improving the parallelism of dis-
patching,and there are some defects in the quality of scheduling, such as the data locality. In this paper,a scheduling
strategy based on data block density was proposed to improve the data locality of the application. By using this strategy,
the performance of the application can be improved by reducing the cross-host I/O during the application operation. Ex-
periments show that the scheduling strategy proposed in this paper can effectively reduce the running time of data-inten-

sive operations. In the test case of WordCount and TeraSort with 2. 5G data, the method of this paper achieved 90% da-
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ta localization and shortened the operation by 20% time.
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