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Fuzzy Cluster Analysis Based on Maximum Scatter
Difference in LRE Test Data Mining

WANG Min , HU Niao-qing , Qin Guo-jun
(College of Mechatronics Engineering and Automation, National Univ. of Defense Technology, Changsha 410073, China)

Abstract: In the clustering analysis of test data of liquid rocket engine, in order to solve the problem that there is insignificant

difference between fault sample and normal sample, the maximum scatter difference criterion was introduced and the maximum scatter

difference based clustering algorithm (MSD-CA) was presented. In MSD-CA, the similarity of samples was measured by divergence, and

the minimizing of the within-class divergence and maximizing of the between-class divergence were processed together. After that, fuzzy

theory was introduced to maximum scatter difference criterion, and the maximum scatter difference based fuzzy clustering algorithm

(MSD-FCA) was presented and used to do “soft partition” for test data to improve the precision of cluster. The method is verified with

experimental results.
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