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Abstract: With the continuous development of Internet of things, cloud computing technology, The generated data is growing at an
explosive rate, How to mining and analysis has become a hot research in the present academic circles in large data. Hadoop
distributed computing platform has become the main technology of data analysis. Support Vector Machine is widely used in Data mining ,
and Local Support Vector Machine was a new classification algorithm that is based on support vector machine. But local support vector
machine construct classifier for each test samples, In large data carries on the classification of high time complexity, the classification
efficiency is low. In view of the above problems, combined with the Hadoop parallel computing platform, we proposed a local support
vector machine algorithm based on Hadoop. This paper makes two improvements on the local support vector machine: the first is that the
calculation of k-nearest neighbor for the test sample is parallel, second is the training of model is parallel. We did some tests, and the results
show that the local support vector machine based on Hadoop can effectively reduce the classification time, and the classification accuracy of

this algorithm is consistent with the classification accuracy in local support vector machine.
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