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Study of Algorithms of Clustering Based on Multi-dimensional Self-organizing Feature Mapping
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Abstract As a method of neural network, the self-organizing feature mapping(SOFM) is an excellent approach for data
mining, pattern classification and machine learning, The theory and algorithm of SOFM are discussed in detail in this
article, Simultaneously analyze and summarize this algorithm: overcome the insufficiency of many clustering algo-
rithms, be able to find clusters in different shapes, be non-sensitive to the input data sequence, process noise data and

multi-dimensional data well, and have multi-resolution,
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Data sets BPNN K-NN SVM FMSCA_MF
Australian 0. 8184 0. 7633 0. 9687 1. 0000

Balance 0. 9260 0. 9040 0. 9753 1. 0000

Diabetes 0. 8923 0. 8282 0. 9381 1. 0000
SVMguide2 0. 9977 0. 8553 0. 8529 1. 0000
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Data sets BPNN K-NN SVM FMSCA_MF
Australian 0.7313 0.7173 0. 8182 0. 8425
Balance 0. 9006 0. 8976 0. 9516 0. 9530
Diabetes 0. 8245 0. 7962 0. 8544 0. 8906
SVMguide2 0. 8269 0. 8188 0. 8309 0. 9023
£3 =FHEILREREMHLE
Data set FMSCA_MF FMSCA RS £ rE#
sets
WAKERENEHLKERE L XERE
Australian 0. 5942 0.5913 0. 5942
Balance 0. 8800 0. 8720 0. 8800
Diabetes 0. 7296 0. 7264 0.7427
SVMguide2 0. 7179 0. 7391 0. 7628
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