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Parameter Optimization of Extreme Learning Machine
Using Bacterial Foraging Algorithm
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Abstract

Recently, Extreme learning machine(ELM), a novel learning algorithm which is much faster than conventional
gradient-based learning algorithm, was proposed for single-hidden-layer feedforward neural networks. The initial
input weights and hidden biases of ELM are usually randomly chosen, and the output weights are analytically
determined by using Moore-Penrose(MP) generalized inverse. But it has the difficulties to choose initial input weights
and hidden biases. In this paper, an advanced method using the bacterial foraging algorithm to adjust the input

weights and hidden biases is proposed. Experimental results show that this method can achieve better performance
for problems having higher dimension than others.

Key Words : Single-hidden-layer feedforward neural networks, Exterme Learning Machine, Moore Penrose generalized
inverse, Bacterial foraging algorithm.
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Fig. 2. Initial Structure of bacteria population.
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