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Multimodal Medical Image Fusion Based on Dilated Convolution
and Graph Attention Aggregation
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Abstract: Existing deep learning-based multimodal medical image fusion methods suffer from insufficient
high-level feature extraction and easy loss of low-level features. To tackle these problems, this paper pro-
posed a multimodal medical image fusion method based on dilated convolution and graph attention aggrega-
tion. The method was comprised of three components: a dual-branch encoder, a fusion module, and a

decoder. The dual-branch encoder consisted of a convolution-based low-level encoder and a graph-
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convolution-based high-level encoder. The convolution-based low-level encoder employed dilated convolu-
tion to mitigate the loss of low-level features like texture details and provided initialized node features for
the high-level encoder. The graph-convolution-based high-level encoder mainly adopted the graph atten-
tion aggregation module to effectively capture high-level features such as deep semantics. The graph atten-
tion aggregation module constructed a node adjacency matrix by integrating multi-head attention with edge
encoding and then performed deep aggregation of nodes through graph convolution based on this adjacency
matrix. The fusion module fused the extracted features, and the decoder reconstructed the fused image.
The method was compared with six state-of-the-art image fusion methods on subjective vision and objec-
tive evaluation metrics. The results show that this method improves 2.4% on EN compared to the IGNet
method, 3.53% and 5.06% on AG and MI compared to the DATFuse method, and 1.18%, 6.24%,
and 3% on SD, SF, and SCD compared to the SwinFusion method, respectively, while the fused image
obtained by this method retains more texture detail information. The comprehensive experimental results
demonstrate that this method achieves effective fusion of multimodal medical images, offering more reli-
able image support for clinical diagnosis.

Key words: multimodal medical image fusion; dual-branch encoder; dilated convolution; graph convolu-

tion; multi-head attention
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Fig. 8 Qualitative comparison of the proposed method and six image fusion methods on the CT/MRI dataset
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Fig. 10  Qualitative comparison results of ablation experiment
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