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Abstract; The computer vision based scene classification technology is widely developed and applied in different

fields. In this paper,the typical scene classification technology is analyzed and compared from the different directions. First,

the background, application and development situation is introduced. Then,the related researches both at home and overseas

are analyzed ,compared and summarized from the perspectives of feature extraction, semantic analysis and machine learning.

Finally , the problems that the current researches are facing and potential future development are discussed.
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