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Image feature extraction based on sparse | CA with /* norm and FCM
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Abstract To ensure the sparsity of image feature coefficients and improve the convergence speed of finding the optimized features, a
method of sparse independent component analysis (SICA) based on /= norm is proposed. Features of natural images is extracted
efficiently by this SICA algorithm, which utilizesthe /* norm asthe sparse measurement criterion of ICA and the fuzzy C-mean clustering
(FCM) method to initialize feature basis vectors of independent components. Moreover, this SICA method does not need optimizing
the high-order non-linear functionsand density estimation, therefore, itisvery smplein computing and itsconvergent speed isalso very
guick. Atthesametime, theimage restorationwork issuccessfully implemented by using these featuresextracted. Further, compared
with other methods of image restoration, the experimental results testify that this feature extraction is also reasonable and practical in
application.
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