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Significant Spare Representation of Typical Indoor Scene Recognition
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Abstract: With the development and popularization of information technology and intelligent robots, scene recognition as
an important research content has become an important research in the field of computer vision and pattern recognition
problem. Solving the problem of the low classification accuracy for indoor scene will help the indoor scene classification
in some areas of application ; the image retrieval , video retrieval of the scene and the robot. Conventional scene recognition
methods have poor performance in indoor situations. For this reason, a sparse representation indoor scene recognition
method is presented, which based on significant detection. This method is using significant recognition detection to extract
the scene in the image area which we are interested in,and combined with sparse representation to scene classification
recognition. Experimental results show that this method can be applied to a typical family indoor scenarios (e. g.,
bedroom, kitchen, closet, etc. ) and have certain advantages in terms of recognition accuracy.
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Fig. 1 Indoor scene recognition framework based on saliency detection and sparse representation
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Fig.2 Schematic diagram of the principle of saliency detection method in different regional feature fusion
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