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Abstract In order to reduce the error of K-mediods clustering algorithm and improve the performance of parallel optimization,
the shuffled frog leaping algorithm is applied to the clustering and parallel optimization process. In the K-mediods clustering
process, K-mediods is combined with the clustering cluster idea to optimize the shuffled frog leaping algorithm for each cluster
cluster, which improves the efficiency of large-scale data sample clustering,especially for multiple clusters. When the class execu-
tion nodes complete the large-scale sample K-mediods clustering in parallel, the shuffled frog leaping algorithm effectively im-
proves the speedup ratio. It has been proved by experiments that the K-mediods clustering based on the shuffled {rog leaping al-
gorithm has obvious clustering advantages compared with the common K-mediods clustering,and the acceleration ratio perform-

ance of processing large-scale samples is better.
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Fig. 1 Flow chart of K-mediods clustering algorithm
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Table 1 Clustering accuracy
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Table 2 Running time of different algorithms
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Table 3 Parallel optimization efficiency parameters

HAZE/GB K A/ % 2,/ %
20 59. 64 10. 24

37.02 30 70.06 15.98

50 75.76 18.54

20 84. 49 18.99

102. 11 30 86. 16 20. 44

50 86.31 21.58
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Table 4 Runtime and acceleration ratio for parallel optimization
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