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[Abstract]

The minimum error entropy (MEE) algorithm displays superior performance for equalization in multi-path channel environments
with non-Gaussian noise. However, there are two major drawbacks consisting of severe computational complexity introduced by
the double summation operation and setting the value of kernel width to which performance is very sensitive. In this study, the
mean ratio of change of error power for kernel width adaptation is combined with simplified MEE (SMEE) which has no double
summation operations but slightly slower convergence compared to MEE. The proposed method has low computational complexity
and stable kernel width adaptation. Through experiments on multi-path channel equalization, the proposed SMEE with kernel
width adaptation was confirmed to have more stable convergence in severe impulsive noise, and adaptive kernel estimation was

found to be effective under different or varying channel characteristics.
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