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Gastric Cancer Image Prediction Method Based on Attention

Mechanism and Residual Neural Network

ZHENG Zi-long, ZENG An
( School of Computer Science, Guangdong University of Technology, Guangzhou 510006 China )

Abstract: With the development of deep learning, the analysis of medical images by single image super-resolution technology becomes a re-
search hotspot. The traditional method is not enough to reconstruct the details of gastric cancer image, and the details of the im-
age are lost. This paper presents a new and efficient method of gastric cancer image prediction based on attention mechanism and
residual neural network. The output features of the encoder are refined, and the spatial attention module and channel attention
module are reorganized according to the improved fusion attention method to provide better input features for pixel fusion, so as
to achieve the effect of reconstructing the decoder. Finally, the input features after pixel fusion are added to accelerate the conver-
gence of network high-frequency residuals and improve the image reconstruction effect. Experimental verification is carried out
under the condition of reconstruction magnification of 2, 3 and 4 times. The experimental results show that the method has the
best PSNR and SSIM values at lower model parameters.
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