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1 #Z AR KRHEF PSOELM #9345 vh
Tab.1  The impact of the iteration number to PSOELM
/s
1 2.5156 0.1192 0.033 1
2 3.3125 0.116 5 0.022 4
3 4.500 0 0.116 4 0.018 2
4 5.593 8 0.1151 0.017 3
5 6.828 1 0.114 9 0.014 7
6 8.046 9 0.1142 0.014 2
7 9.1875 0.1130 0.014 0
2 R4 ET &3t ELM 5 PSOELM v
Tab.2  The impact of hidden layer nodes to ELM and PSOELM
/s
ELM PSOELM ELM PSOELM ELM PSOELM
5 0 6.828 1 0.279 1 0.114 9 0.253 2 0.014 7
10 0.031 3 6.656 3 0.1199 0.1158 0.039 1 0.019 6
15 0.042 5 10.265 6 0.1198 0.1137 0.038 8 0.006 4
20 0.066 9 14.703 1 0.1139 0.1137 0.008 8 0.006 2
50 0.2188 45.046 9 0.1138 0.1136 0.008 4 0.006 2
100 0.562 5 140.906 3 0.1138 0.113 6 0.008 2 0.006 2
150 0.968 8 256.171 9 0.1138 0.1136 0.008 2 0.006 2
1 000 39.609 4 ~ 0.1138 ~ 0.008 1 ~
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4 3
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\ Tab.3  Four algorithms performance comparison
0.8 [ \
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02f \ ELM 0.525  0.1138  0.0082
00" /" N\
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Fig.1 The approximation curves of the Sinc function
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A New Extreme Learning Machine Optimized by PSO

WANG Jie  BI Hao-yang
( School of Elecirical Engineering Zhengzhou University ~Zhengzhou 450001  China)

Abstract: Extreme learning machine ( ELM) was a new type of feedforward neural network. Compared
with traditional single hidden layer feedforward neural networks ELM possessed higher training speed and
smaller error. Due to random input weights and hidden biases ELM might need numerous hidden neu-
rons to achieve a reasonable accuracy. A new ELM learning algorithm which was optimized by the parti—
cle swarm optimization ( PSO)  was proposed. PSO algorithm was used to select the input weights and bi—
as of hidden layer then the output weights could be calculated. To test the validity of proposed method
two simulation experiments were drawn on the approximation curves of the Sinc function. Experimental re—
sults showed that the proposed algorithm achieved better performance with less hidden neurons than other
similar methods.
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