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Multi-Modal Retinal Image Registration Method
Based on Image Generation

Yu Jiale,Huang Kun,Zhang Xiao,Chen Qiang
(School of Computer Science and Engineering, Nanjing University of Science and Technology , Nanjing 210094 , China)

Abstract: A multi-modal retinal registration method based on image generation is proposed for global coarse registration
of multi-modal retinal images. Unlike the current mainstream methods that extract retinal vascular structures for
registration , this method uses GAN model to perform pixel-level mapping of different modal retinal images. Then, the
affine matrix is calculated through feature point matching to achieve image rough registration. Experimental results based
on color fundus images and fluorescein angiography images demonstrate that this method has the advantages of faster
speed and robust performance compared with current mainstream retinal registration methods.
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