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A Non-linear Variant of Improved Robust Fuzzy PCA
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Abstract

Principal component analysis (PCA) is a well-known method for dimensionality reduction and feature
extraction while maintaining most of the variation in data. Although PCA has been applied in many areas
successfully, it is sensitive to outliers and only valid for Gaussian distributions. Several variants of PCA
have been proposed to resolve noise sensitivity and, among the varants, improved robust fuzzy PCA
(RF-PCA2) demonstrated promising results. RF-PCA, however, is still a linear algorithm that cannot
accommodate non-Gaussian distributions. In this paper, a non-linear algorithm that combines RF-PCA2
and kemel PCA (K-PCA), called improved robust kemel fuzzy PCA (RKF-PCA2), is introduced. The
kernel methods make it to accommodate non-Gaussian distributions. RKF-PCAZ2 inherits noise robustness
from RF-PCAZ2 and non-linearity from K-PCA. RKF-PCAZ outperforms previous methods in handling
non-Gaussian distributions in a noise robust way. Experimental results also support this.
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