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Image caption algorithm based on an attention
image feature extraction network

LI Jinxuan' DU Junping] ZHOU Nan'
1 Beijing Key Laboratory of Intelligent Telecommunication Software and Multimedia,

School of Computer Science, Beijing University of Posts and Telecommunications, Beijing 100876

Abstract To solve the problem of the lack of use of shallow image features in image captions and insufficient ex-
traction of image objects,an image caption generation algorithm based on attention image feature extraction is pro-
posed.Through context information of a language model , adaptive attention weight assignment is performed on differ-
ent depth image features to ensure that the attention-grabbing image features guide the image caption generation,
thereby improving the image caption effect.In the MSCOCO test set,the BLEU-1 and CIDEr scores of the proposed
algorithm reached 0. 752 and 0. 934, respectively , thus verifying the effectiveness of the proposed method.

Key words attention mechanism ;image caption ;long and short term memory network ;image feature extraction



