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Abstract: Based on multi-scale resampling, an Exponential-Like Kernel (ELK) function is designed, and evaluated
with local feature extraction in kernel regression and Support Vector Machine (SVM) classification. The ELK is a
one-parameter kernel, whose distribution is controlled only by the resolution of analysis. With block and Doppler
noisy signals, Nadaraya-Watson regression with ELK mainly shows more noise and step error than with Gaussian
kernel, it also has better precision and is more robust than LOcally WEighted Scatterplot Smoothing (LOWESS).
Data sets from the UCI Machine Learning Repository used in SVM test demonstrate that, ELK has nearly equal
classification accuracy as RBF does, and its locality results in more detailed margin hyperplanes, in consequence,
a big number of support vectors in low classification accuracy situation. Moreover, the insensitivity of ELK to the
adjustive coefficient in kernel methods shows the potential to facilitate the parameter optimization progress. ELK,
as a single parameter kernel with significant locality, is hopefully to be extensively used in relative kernel methods.
Key words: Multi-scale resampling; Nadaraya-Watson regression; Support Vector Machine (SVM); Exponential-
Like Kernel (ELK) function
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