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Extraction Method for Key Object Region in Images
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(Ministry of Education Key Lab for Intelligent Networks and Network Security, Xi’an Jiaotong University, Xi’an 710049, China)

Abstract: To improve the performance of object region extraction, which is usually used in some
practical applications such as image annotation and object detection, we present a new approach to
the key object region extraction from images. The method ignores the category information of
various objects and transforms the task into a binary classification problem. Our method includes
four steps: First, a selective search algorithm is used to generate candidate object regions in the
image; Second, the feature enhancement of image regions is performed by difference processing of
the pixel values; Then, we classify the candidate object regions based on deep learning; Finally,
region selection and fusion are finished. Experimental results over MSCOCO dataset demonstrate
that the proposed approach achieves more accurate results than several related methods with high
recall rates.
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