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Implementation Scheme of VFDT Algorithm on Storm Platform

ZHANG Fa-yang,LI Ling—juan, CHEN Yu

(School of Computer,Nanjing University of Posts and Telecommunications, Nanjing 210003 , China)

Abstract:In order to improve the classification efficiency of the stream data, studies how to implement VFDT algorithm on Storm, a
stream data processing platform. A scheme of distributed parallel implementing of VFDT algorithm based on Storm platform is designed
The VFDT algorithm is divided into three modules including building tree module, classification module and evaluation module. The
building tree module is responsible for the initializing and incremental building of decision tree,and the classification module for classif-
ying the samples,and the evaluation module for evaluating the VFDT decision tree using the labeled samples. The functions of each mod-
ule are realized by correctly designing the Spout/Bolt of Storm Topology ,and the parallelization of the classification module is implemen-
ted by deploying multiple tasks for Classification Bolt. The memory database Redis is used to realize the effective connection of the three
modules and the preservation of the decision tree. The message middleware Kafka is used to improve the tolerance of burst stream data
The results of implementing and testing VFDT algorithm based on the proposed scheme show that the classification efficiency of VFDT
algorithm under the Storm cluster environment is significantly improved compared with that under the single machine environment, and
the classification efficiency can be further improved by reasonably setting the task number in Classification Bolt
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