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Abstract:Local scheduling algorithm can improve data locality in the Hadoop cluster environment.The essence of

the algorithm is to improve data locality,reduce data transmission time,reduce the network I/O of the cluster,and increase

the resource utilization rate.As the scheduling algorithm adopts the FIFO mode,the current large amount of data will affect

the response time of other jobs with high emergency,which decreases the system performance.This paper proposes a new

scheduling strategy, which can guarantee the data locality of the original algorithm and integrate the static priority preemption

scheduling strategy.The experiment results show that,onthe same data set,adopting the integrated static priority preemption

scheduling strategy,the response time of the job with higher priority is less than that of the job with lower priority.
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