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Abstract The basic foundation of processing and analysis technology of image is confirming the content of image,
namely with semantic content object. The existing image segmentation algorithms make segmentation areas only accor-
ding to the color,and texture. Therefore it does not have any semantic information, Aiming at this issue, the necessity of
image segmentation problem was analyzed, and the definition of a new image segmentation necessity evaluation index
was proposed,and also, the judgment procedure and realization method were provided based on this index. The experi-
mental results show that compared with the existing image segmentation method, the proposed image segmentation ne-

cessity index has very good adaptability to the target area size,and it can be an important measure and effective method
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to the necessity of the image segmentation,
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