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An Image Description Generation Model Based on Multi-scale
ZHOU Xingguang , JIN Huazhong , XU Yudong , LI Qingging , HU Man
(School of Computer Science, Hubei Univ. of Tech., Wuhan 430068, China)

Abstract: Aiming at the existing model based on deep learning image description, in the image feature en-

coding stage, the image features extracted by the encoder are relatively simple and the image information is

not fully utilized, which causes inaccuracy in describing the content of the image of the text and fuzziness

of the semantics. Based on VGG19, this paper improves the coding pattern of image features of existing

models, and extracts and fuses image multi-scale feature methods to obtain more abundant image informa-

tion. The method in this paper is trained and tested on the MSCOCO dataset. The experimental results

show that the proposed model can generate more accurate, complete and meaningful image description

statements.

Keywords: image description generation; deep learning; multi-scale; image features
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