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A Novel Extreme Learning Machine Based on Bagged Kernel
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(1.School of Computer Science and Technology ,China University of Mining and Technology , Xuzhou 221116, China)
(2.School of Information and Electrical Engineering, Xuzhou College of Industrial Technology , Xuzhou 221140, China)

Abstract : The traditional neural network learning algorithm( BP algorithm ) need to set a large amount of network training
parameter, and prone to local optimal solution. Extreme learning machine( ELM ) need to set the number of hidden layer
nodes of networks,while execution of the algorithm does not need to adjust the network weights of the input and hidden
element bias,and can produce the optimal solution,thus it has advantages of fast learning speed and good generalization
capability. Extreme learning machine as a kind of machine learning method, with simple and easy to use, and effective
single hidden layer feed forward neural network learning algorithm, caught the attention of more and more researchers.
With the research and development of extreme learning machine , the theory of nuclear extreme learning machine has been
continually raised. Nuclear ultimate learning machine is introduced to limit the kernel learning machine, with which you
can get a least-squares optimization solution, a more stable, better generalization performance. We now put forward a
novel extreme learning machine based on bagged kernel classification method. First of all, the existing tag samples and all
unmarked samples use k-means clustering algorithm for many times to construct the bagged clustering nucleus. Then,
bagged clustering nucleus and the radial basis calculate the sum,and eventually it is used in training and classification of
extreme learning machine. Compared with the traditional extreme learning machine, the new algorithm can use all
unmarked sample information,as much as possible to improve the classification accuracy,and further improve the running
speed. Through the experimental data set,we verify the feasibility of the method.

Key words: ELM , k-means clustering, Bagged kernel, RBF kernel function
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Table 1 The information of UCI data set
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Musk( versionl) Clean1_10 20 456 166 Real 2
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Table 2 Performance comparison on data sets

" . IR A MR A
ol R7S T T— RE
PIER VS PIER D ]/ DR BE
Abalone 5 T Bagged IR H 27 2T HL 3.400 6 0.666 7 0.010 4 0.541 6
one= RBF 2 I 4 3.446 7x107 0.800 0 0.004 9 0.541 3
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alone— RBF #% 2% 3 4l 5.435 5%10~ 0.700 0 0.008 8 0.551 2
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Fig. 2 The experimental results of abalone dataset Fig.3 The experimental results of Cleanl dataset
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Fig. 4 The experimental results of hv_with dataset Fig. 5 The experimental results of hv_without dataset
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