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The Optimization of the Extreme Learning Machine and Fitting Analysis

WANG Jie, CHANG Qunkang, PENG Jinzhu

(School of Electrical Engineering, Zhengzhou University, Zhengzhou 450001, China)

Abstract; The fireworks algorithm (FWA) is used to optimize the extreme learning machine (ELM) in this
paper. Firstly, the FWA gain the M optimal fireworks through many iterations,and the RMSE of the extreme
learning machine’ s test samples is used as the fitness function in each iteration. Secondly, the optimization of
the input weights and hidden layer deviation matrix of the exireme learning machine is achieved. Finally, the
matrix output is obtained based on the generalized inverse. The test experiment of one-dimensional sinC func-
tion is conducted. The experimental results show that the fireworks algorithm extreme learning machine a-
chieves higher accuracy with less number of hidden layer nodes, and the test error decreases 29.58% com-
pared with the extreme learning machine. The fitting experiment of Gauss normal distribution function is con-
ducted, and the experiment results further demonstrate that the FWAELM achieves a better fitting effect than
the ELM.

Key words: fireworks algorithm; ELM; test error; node in hidden layer; FWAELM ; fitting



