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Abstract: Based on the network structure and training methods of the Extreme Learning Machine (ELM),
Correntropy-based Fusion Extreme Learning Machine (CF-ELM) is proposed. Considering the problem that the
fusion of representation level features is insufficient in most classification methods, the kernel mapping and
coefficient weighting are combined to propose a Fusion Extreme Learning Machine (F-ELM), which can
effectively fuse the representation level features. On this basis, the Mean Square Error (MSE) loss function is
replaced by the correntropy-based loss function. A correntropy-based cycle update formula for training the
weight matrices of the F-ELM is derived to enhance classification ability and robustness. Extensive experiments
are performed on Caltech 101, MSRC and 15 Scene datasets respectively. The experimental results show that

CF-ELM can further fuse the representation level features to improve the classification accuracy.
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15 Scene(%) 7434 7792 86.46 72.00  80.73  83.53 77.20 82.06  84.33 79.00  83.06  87.76
I 25T (8] (s) 34744  106.25 106.25  347.12 106.11 106.11  347.37 106.41 106.41  367.50  120.10  120.10
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M. HaE e B AERAA 4004 B LT,

AR S EPCE R AT IR, bR T
KRR IS EENE: Q) HETHFEER, M
%%ﬂ%&@%ﬂﬂﬁ%%@%ﬁﬁ%ﬁﬂ%%%
FKRE . Bk, TS I AR HEIA [F) 3 A
B AR ER B RN 73 288 R i T4, ARE—
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WARES SPM®  LLCM  SLCPY  LSVQ™  C#k[23]  LGFM™  SCik[12)  MFSPY SCiik[16) CF-ELM-#H %4
TR 200 1000 1024 1024 - 1024 400 - 600 400
IEME (%) 81.10 81.73 81.89 83.08 85.70 85.80 86.46 87.10 90.10 87.76
2 £ based robust multilayer extreme learning machines[J].
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