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Abstract: Aiming at the problems of the K-nearest neighbor algorithm testing complex is linear at least and lead to the ac—

curacy is low when the samples are large. This paper proposed a fast KNN classification algorithm faster than the traditional

KNN did. The proposed algorithm innovatively introduced the training process during the KNN method

i. e. the algorithm

blocked the big data by linear complexity clustering. Then the algorithm selected the nearest cluster as new training samples

and established a classification model. This process reduced the KNN algorithm testing overhead which made the proposed al—

gorithm could be applied to big data. Experiments result shows that the accuracy of the proposed KNN classification is similari—

ty than the traditional KNN but the classification speed has been significantly improved.
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