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Distributed Soft K-Segments Algorithm for Principal Curves Based on MapReduce

Hu Zuoliang"?, Zhang Hongyun'*

(1. Department of Computer Science and Technology, Tongji University, Shanghai, 201804, China; 2. Key Laboratory of Embed-
ded Systems and Service Computing of Ministry of Education, Tongji University, Shanghai, 201804, China)

Abstract: The traditional principal curves algorithm can obtain good results on small datasets. But the
computing and storage resources of a single node cannot meet the requirements of the extraction of princi-
pal curves on massive datasets. Distributed parallel computing is one of the most effective way to solve the
problems. Therefore, we proposed a distributed soft K-segments algorithm for principal curves based on
MapReduce, named DisSKPC. First, we recursively granulated all the numerical data into information
granules to limit each granular size and ensure the relevance of the data in the granules using the distribu-
ted K-Means algorithm. Then we calculated the local principal component segments of each granule and
eliminated over-fitting segments that may arise in the area of high-density and high-curvature using the
noise variance. Finally, we connected these local principal component segments using the Hamiltonian
path and greedy algorithm, forming a best curve through the middle of the data cloud. Experimental re-
sults demonstrate the feasibility and scalability of the proposed DisSKPC algorithm.

Key words: distributed parallel; principal curves; data granulation; MapReduce
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