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Abstract: The kernel Extreme Learning Machine (ELM) has a problem that the kernel parameter of the Gauss
kernel function is hard to be optimized. As a result, training speed and classification accuracy of kernel ELM
are negatively affected. To deal with that problem, a novel kernel ELM based on K interpolation simplex
method is proposed. The training process of kernel ELM is considered as an unconstrained optimal problem.
Then, the Nelder-Mead Simplex Method (NMSM) is used as an optimal method to search the optimized kernel
parameter, which improves the classification accuracy of kernel ELM. Furthermore, the K interpolation method
is used to provide appropriate initial values for the Nelder-Mead simplex to reduce the number of iterations,
and as a result, the training speed of ELM is improved. Comparative results on UCI dataset demonstrate that

the novel ELM algorithm has better training speed and higher classification accuracy.
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