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Table 1 Average objective evaluation metrics for fused images

4R ViR AG cc EN MI PSNR VIF BEATHFIE] /s
PA-PCNN 0.253 0 0.753 5 5.081 6 0.889 0 21.456 6 0.588 6 3.47
LRD 0.224 6 0.757 6 4.895 4 0.897 2 21.194 2 0.585 1 200. 98
U2Fusion 0.194 2 0.778 1 4.9915 0.924 7 15.714 0 0.259 5 0.57
MSRPAN 0.208 9 0.746 0 4.164 7 1.171 5 22.097 8 0.572 8 0. 30
CT-MRI EMFusion 0.204 7 0.776 1 4.905 4 1.150 4 21.679 7 0.425 3 0. 20
DDcGAN 0.210 5 0.773 1 5.3355 0.997 7 21.288 0 0.298 9 0.52
GeSeNet 0.263 6 0.795 1 5.386 3 1.101 7 23.902 4 0.572'5 0.02
MSAGAN 0.274 5 0.784 4 5.3455 1.192 8 24. 066 1 0.593 6 0.53
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MSAGAN 0.289 9 0.857 5 5.3552 1.4517 18.196 2 0.720 4 0.54
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Table 2 Results of ablation experiments on the CT-MRI dataset

Z RE SAM AG cc EN MI PSNR VIF
x x 0.210 5 0.773 1 5.3355 0.997 7 21.288 0 0.298 9
Y x 0.242 6 0.782 1 5.338 9 1.094 8 23.146 1 0.497 2
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VvV v 0.274 5 0.784 4 5.345 5 1.192 8 24. 066 1 0.593 6
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Multimodal Medical Image Fusion Based on GAN and Multiscale Spatial Attention

LIN Yusong" *?, LI Mengya' *, LI Yinghao" >, ZHAO Zhe" *

(1. School of Cyber Science and Engineering, Zhengzhou University, Zhengzhou 450002, China; 2. Henan Provincial Collaborative
Innovation Center for Internet Medical and Health Services, Zhengzhou University, Zhengzhou 450052, China; 3. Hanwei loT
Institute, Zhengzhou University, Zhengzhou 450002, China)

Abstract: Aiming to address the problem of multi-scale feature and texture detail information loss in the process of
multimodal medical image fusion, a novel image fusion algorithm based on generative adversarial network ( GAN)
and multi-scale spatial attention mechanism was proposed. Firstly, the generator adopted an autoencoder structure
to extract, fuse, and reconstructed the input images using an encoder and a decoder, generating the fused image.
Secondly, the entire GAN framework employed a dual discriminator structure, enabling the generator to preserve
salient features from multiple modal images in the fused image. Finally, a multi-scale spatial attention mechanism
was constructed as a fundamental module for feature extraction in the encoder. It effectively captured and retained
multi-scale features from the source images, and incorporated spatial attention mechanism to better preserve the
structures and details of the source images. Experimental results on the Whole Brain Atlas database demonstrated
that the fused images generated by the proposed algorithm exhibit richer texture details, enhancing human visual
observation. Furthermore, the algorithm outperformed other advanced algorithms in such objective evaluation
metrics as average gradient, peak signal-to-noise ratio, mutual information, and visual information fidelity for three
different types of medical image fusion tasks, with average values of 0.302 3, 20.720 7, 1.441 4, and 0. 649 8,
respectively. Thus, the proposed algorithm demonstrated a certain advantage over other advanced algorithms.

Keywords: image fusion; multimodal medical images; generative adversarial network; feature pyramid;

attention mechanism
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