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Abstract: Extreme Learning Machine (ELM) has unique advantages such as fast learning speed, simplicity of
implementation, and excellent generalization performance. However, the performance of a single ELM is
unstable in classification. Ensemble learning can effectively improve the classification ability of single ELMs,
but it may incur the rapid increase in memory space and computational overheads as the increase of the data
size and the number of ELMs. To address this issue, a Selective Ensemble approach of ELM based on Double-
Fault measure (DFSEE) is proposed, and it is evaluated by theoretical and experimental analysis
simultaneously. Firstly, multiple training subsets extracted from a training dataset are obtained employing the
bootstrap sampling method, and an initial pool of base ELMs is constructed by independently training multiple
ELMs on different training subsets; Secondly, the ELMs in pool are sorted in ascending order according to their
double-fault measures of those ELMs. Finally, it starts with one ELM and grows the ensemble by adding new
base ELMs according to the order, the final ensemble of ELMs can be achieved with the best classification
ability, and the theoretical basis of DFSEE is analyzed. Experimental results on 10 benchmark classification
tasks show that DFSEE can achieve better results with less number of ELMs by comparing with other
approaches, and its validity and significance.
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Cleveland 57.01 55.87 48.66 38.86 57.61 56.62 48.68 38.11 57.91 56.82 48.68 37.71
Bupa 75.37 70.67 60.21 48.18 76.95 71.51 60.15 47.09 77.40 72.18 60.23 46.49
Wholesale 94.04 89.56 82.78 74.19 94.78 90.26 82.78 73.48 95.15 90.59 82.73 73.04
Diabetes 71.88 70.62 61.83 52.64 73.10 71.49 61.73 51.03 73.77 71.81 61.74 50.65
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CMC 62.99 60.45 54.21 46.57 63.41 61.03 54.25 45.92 63.88 61.33 54.23 45.46
Spambase 80.78 77.57 70.13 63.32 81.55 78.17 70.12 62.79 81.70 78.42 70.13 62.53
Wineq-w 51.38 50.80 46.97 44.52 51.73 51.03 46.94 44.21 51.90 51.20 46.94 44.07
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5 oAt 77 A @ AT I 1A 5 TR AT X B #r, iEke
Fime HE6H A, AL EMDFSEESE104
UCHHHR4E Eiig ATt (a], B SBAR T HAR 5%, B
T E TPOBE. DFSEE/)IZE 47 I 18] 0% & T
POBEMIE K J&: DFSEEFE GBI, T3
AW H TSI ELM A SRS I B, AR AT A B A )

Wr. MPOBER %M R IE 73 ELM, A/
B R AR ELM ) 22 5 1 00 B S hn LA T . {H2DF-
SEE4r kMR B4 FPOBE; DFSEERZ AT I
[) BE SR AR T HoAth 7 vk i) 2 R A . HoAth U7 vk AE 3t
ITIEPEVEAE R, T BT R IR R, DAk E
BT, IR IR 7 KRR A,
Rk EIR TR, AR HEMDFSEERIEAT AL

* 4 EFRMIEEELM (100, 200, 300) FDFSEE5Bagging 5> 2 FERTEL 247 (%)

100 200 300
Bagging AKX DFSEE n Bagging AKX DFSEE n Bagging A X DFSEE n
Heart 72.10 80.48 13 71.67 82.48 11 71.71 82.24 11
Cleveland 49.25 57.01 4 49.25 57.61 6 49.25 57.91 6
Bupa 65.61 75.37 12 64.14 76.95 12 64.98 77.40 15
Wholesale 86.44 94.04 8 86.00 94.78 10 86.11 95.15 11
Diabetes 63.79 71.88 7 63.51 73.10 7 63.63 73.77 8
German 74.13 77.40 14 74.40 78.08 9 74.38 78.58 9
QSAR 80.22 86.26 9 80.41 87.78 8 80.47 88.28 9
CMC 58.22 62.99 9 58.44 63.41 12 58.45 63.88 13
Spambase 73.34 80.78 12 73.37 81.55 13 73.46 81.70 11
Wineq-w 46.58 51.38 8 46.57 51.73 11 46.56 51.90 14
=5 SEMGEEEREE (%) MEMRIES X 247 (BEELMA1E200)
HRse A DFSEE n AGOB n POBE n MOAG n EP-FP n SCG-P n
Heart 82.48 11 74.14 49 77.52 96 74.86 43 74.38 95 75.24 38
Cleveland 57.61 6 54.43 22 51.09 132 50.85 25 49.25 95 56.25 1
Bupa 76.95 12 69.93 37 72.95 99 69.47 59 65.89 66 76.89 48
Wholesale 94.78 10 89.67 36 92.74 99 88.59 27 86.11 96 87.85 9
Diabetes 73.10 7 66.03 26 68.99 102 66.27 52 63.73 89 65.30 58
German 78.08 9 75.15 36 76.60 96 75.30 38 74.47 86 75.18 54
QSAR 87.78 8 83.48 24 84.37 100 83.94 32 80.43 88 82.02 37
CMC 63.41 12 59.63 47 60.92 103 59.67 51 58.46 97 59.51 67
Spambase 81.55 13 76.18 32 79.12 97 76.47 67 76.64 93 76.66 58
Wineq-w 51.73 11 50.37 23 49.48 93 48.10 34 48.60 96 50.98 46
£ 6 SHMGAEEITRIES EAIXTEL 534 (s)
e A LDFSEE AGOB POBE MOAG EP-FP SCG-P
Heart 0.80 10.96 0.79 0.87 18.24 0.86
Cleveland 0.77 22.36 0.73 1.10 2.77 1.10
Bupa 0.86 13.97 0.85 0.95 41.26 0.95
Wholesale 1.16 17.26 1.15 1.27 21.97 1.26
Diabetes 1.29 17.95 1.28 1.40 30.40 1.39
German 1.79 12.58 1.78 1.86 11.58 1.86
QSAR 2.29 14.01 2.29 2.37 23.55 2.37
CMC 2.25 24.44 2.21 2.62 30.85 2.61
Spambase 8.54 43.86 8.52 8.80 110.46 8.78
Wineq-w 7.71 79.18 7.58 8.85 48.56 8.82
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