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Abstract: The kernel risk-sensitive loss (KRSL) is widely used as the cost function of adaptive filters to re-
duce the influence of non-Gaussian noises on system performance owing to its high convexity. In this pa-
per, a generalized kernel risk-sensitive loss (GKRSL) is proposed by using a generalized Gaussian density

(GGD) function as the kernel of KRSL to improve the filtering accuracy of system in non-Gaussian noises.
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The important properties of GKRSL are presented for optimization. Furthermore, combined with the ad-
vantages of the GKRSL under the sparse penalty constrain, the recursive updating method is used to gen-
erate a novel generalized recursive kernel risk-sensitive loss with the sparse penalty constrain (GRKRSIL.-
SPC) algorithm for identification of sparse systems. The superiorities of GRKRSL-SPC from the aspects
of accuracy and robustness are verified by Monte Carlo simulations.
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