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Transductive support vector machines based on incremental learning
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Abstract: Aiming at the problem of lower precision, slower training speed and more back learning steps when
transducitve support vector machine learning algorithm carry on a great deal of data classification, a new transductive support
vector machine based on incremental learning was proposed. The incremental learning was introduced into transductive support
vector machine; thereby, the algorithm only employed the useful samples and discarded unwanted samples in the training

process, reduced the study time and improved the classification speed of the algorithm. The experimental results show that the

algorithm is of faster classification speed and higher classification accuracy.
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