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[ Abstract]

ages to provide more comprehensive and precise imaging information, widely applied in clinical diagnosis

Medical image fusion technology combines the advantages of different modal medical im-

and disease research. Traditional fusion methods rely on signal processing techniques, but they have signifi-
cant limitations, especially in multi-modal image fusion, where extracting deep semantic information is chal-
lenging. With the introduction of deep learning, image fusion effects have been significantly enhanced
through technologies such as convolutional neural networks ( CNN), generative adversarial networks
(GAN) , deep feature extractors, and self-attention mechanisms. However, deep learning methods still face
challenges such as data scarcity, modal heterogeneity, high computational resource requirements, mode col-
lapse, and training instability. This paper analyzes these issues and explores corresponding solutions as well
as potential future development directions.
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