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Abstract : To multi-class sample, an incremental learning algorithm is proposed in this paper. Hyper-sphere support
vector machine is used to get the smallest hyper-sphere that contains most samples of a class, which can divide the
class samples from others. In the process of classincrementa learning, the new samples, the history support vectors
and the history samples that near the hyper-sphere are trained. Therefore, the multi-class incremental learning can be
realized in a small memory space. For the sample to be classfied, the distances from it to the centre of every hyper-
sphere are used to confirm the classes that the sample belongs to. The experimental results show that the algorithm
has a higher performance on training speed, classfication speed, and classfication precison.
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