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cameras. A classification strategy based on camera coverage quality levels of video frames is provided and a data set
of quality levels of camera video frames is labeled. A multi-dimension label assignment method is designed for utili-
zing deep convolution neural network to learn a robust video frame indication and furthermore to learn a video
quality regression function based on Support Vector Regression ( SVR) thus a robust evaluation on video coverage
quality is performed. The experiment result shows that the algorithm of the article can perform an automatic evalua—
tion on the surveillance camera coverage quality precisely and effectively monitors the real4ime change of camera
surveillance quality.

Key words: video surveillance camera; coverage quality; deep convolution neural network; support vector regression
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The KNN Text Classification Based on Sample Importance Principals

WAN Hanyong ZUO Jiali WAN Jianyi" WANG Mingwen

( School of Computer Information Engineering Jiangxi Normal University Nanchang Jiangxi 330022 China)

Abstract: As one of the top ten data mining algorithms KNN has good performance of text classification. All samples
are treated as the same as its weight in the traditional KNN method but the question that the different sample has
the different contribution to the classification has been ignored. To solve the problem a sample importance principals
and KNN classifier constructed on the basis of this principle has been presented. Using the random walk algorithm to
identify these samples near the class boundary and calculate the boundary value of each sample. To generate the
score of sample importance of each sample from the boundary value combined sample importance with KNN method
to form a new classification model. Experimental results show that the new SI-KNN classifier has some improvement
compared to the traditional KNN method on the Chinese and English text corpus.

Key words: text classification; KNN; sample importance principals; SI-KNN



