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A Minimum Sum-squared Residue for High-order Fuzzy
Co-clustering Algorithm

HUANG Shaobin' YANG Xinxin'

1 College of Computer Science & Technology, Harbin Engineering University, Harbin 150001, China

Abstract: Most existing high-order co-clustering algorithms focus on hard clustering methods, which
ignore the problem of overlaps in the clustering structures. In order to analyze the clustering results of
data with overlapping clusters more efficiently, we developed a minimum sum-squared residue for
high-order fuzzy co-clustering algorithm (MSR-HFCC). The clustering problem is formulated as the
problem of minimizing fuzzy sum-squared residue. The update rules for fuzzy memberships were de-
rived, and an iterative algorithm was designed for a co-clustering process. Finally, experimental re-
sults show that the qualities of clustering results of MSR-HFCC are superior to five existing algo-
rithms.
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noise energy contained in each IMF is approximately estimated by using the IMF noise energy distribu-
tion model, and then, decomposing the each IMF by KPCA, and adaptively selecting the principle
components which are should be retained. At last, the denoised gyro signal is obtained by accumula-
ting the each processed IMF by KPCA. A detailed comparison between the proposed method and the
wavelet methods is given. The denoising effect of different methods is analyzed by the overlapping Al-
lan variance. Experimental results show that the proposed method performs better in removing noise
than classic wavelet methods and can more efficiently suppress the gyro random drift.

Key words: gyro random drift; empirical mode decomposition; kernel principal component analysis;

de-noise
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