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Abstract: Due to the problems that the numbers of nodes in hidden layers of ELM neural network
are in need of manual setting, and the over-fitting phenomenon is easy to appear, resulting in a
reduction in the network generalization, an EM_ELM algorithm was proposed to improve ELM
neural network based on error minimization. The feasibility was proved in theory which could
improve the prediction accuracy and generalization of ELM neural network. Meanwhile, the
algorithm was also applied into the model of FAST node displacement prediction and conducted
simulation finally. The results show that although EM_ELM neural network is not sufficient in
training time to a certain degree, it is still proper in real-time requirement. Besides, its prediction
accuracy and generalization capabilities are enhanced, which is just a proof in the effectiveness
and feasibility of the improved algorithm, thereby further illustrating that the EM _ELM neural
network is more suitable for FAST node displacement prediction.
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Fig. 1 Prediction results of the first group nodes based
on EM_ELM neural network
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Fig. 2 Prediction results of the second group nodes
based on EM_ELM neural network
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