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Abstract ; Extreme Learning Machines (ELM) has attracted increasing attention due to its fast training speed, simplicity and good gener-
alization. However, in applications with high—dimensional features,a large amount of redundant information may exist in the data, which
has not been concerned in classical ELM. Moreover, the discriminant information behind data has also not been incorporated in the ELM
learning. To overcome the drawbacks of classical ELM,a weight—orthogonal discriminant analysis network (O-ENDA) is put forward.
In O-ENDA, the input weights of ELM are restricted to be orthogonal ,removing the redundant features to alleviate the risk of over—fit-
ting (especially in the scenario of small samples) ;simultaneously the transformed hidden features are combined with discriminant analysis
to improve the discriminant ability of O-ENDA. Experiment demonstrates that the proposed approach not only can remove redundant in-

put information while preserving the necessary feature information,but also entirely yields preferable classification accuracy than classical

ELM.
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