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Ensemble of Retrained Extreme Learning Machine for Data Classification
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Abstract: Extreme learning machine (ELM) is a randomized algorithm which randomly generates the in-
put weights and hidden nodes biases of single-hidden layer feed-forward neural networks (SLFNNs), and
then determines the output weights analytically. Given the architecture of SLFNN, we can obtain differ-
ent learning models by repeatedly training SLFNNs with ELM. The paper proposes an approach by in-
tegrating these learning models for data classification. Specifically, firstly several SLFNNSs are trained by
ELM. Secondly the trained SLFNNs are integrated by majority voting method. Finally the integrated
model is used for data classification. We experimentally compared the proposed approach with ELM and
ensemble ELM (EELM) on 10 data sets. Experimental results show that the proposed approach outper-
forms ELLM and EELM.
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Tab. 1 Basic information of data sets used in experiments

EEE S GRS i P % BB
Breast 555 30 2
CT 221 36 2
Forest 325 28 4
Heart 2126 22 3
Iris 150 4 3
Parkinsons 195 22 2
Pen 7 494 16 10
RenRu 148 26
Seeds 210 8 3
Ionosphere 337 34 2
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Tab.2 Optimal number of selected hidden nodes
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Tab. 3 Statistical analysis on experimental results
SRS P1{E Kt £ P1{E
Breast 9.901 2ZE—08 Park 6.373 6E—06
CT 9. 505 5E—05 Pen 0.037 2
Forest 3.754 8E—06 RenRu 6.736 4E—04
Heart 8.449 0OE—07 Seeds 7.033 2E—11
Iris 4,674 TE—09 Ionosphere 1.033 2E—07
R4 XBRIFSHHRE
Tab.4 Configuration of parameters in Experiment 3
GRS P q m m; ms my ms
Breast 3 5 106 131 129 99 97
CT 1 2 68 39 50 45 65
Forest 2 3 66 82 58 60 70
Heart 3 6 85 116 101 69 128
Iris 3 7 28 21 14 16 25
Parkinsons 2 4 49 69 65 44 59
Pen 3 10 52 134 72 100 53
RenRu 2 4 75 56 64 80 60
Seeds 3 5 38 33 40 25 31
Ionosphere 1 3 41 100 34 87 90
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Tab.5 Comparisons between proposed algorithm and EELM

" R 2 CPU B[] /s
MR AT EELM ¥ Wy IRN EELM
Breast 0.965 0.932 0.43 1.23
CT 0.921 0. 898 0. 35 1.01
Forest 0. 843 0. 813 0. 39 0.97
Heart 0.852 0. 804 2.18 3.16
Iris 0. 958 0.931 0.23 0.55
Parkinsons 0.874 0. 827 0.54 1. 97
Pen 0.998 0.990 119. 66 146. 47
RenRu 0. 896 0. 804 0. 39 0. 88
Seeds 0.902 0. 882 0. 39 0.98
Ionosphere 0.904 0. 859 0.70 1. 15
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