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Table 1 Average objective evaluation metrics for fused images
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U2Fusion 0.080 7 0.863 9 4.678 5 1.1415 14.283 7 0.242°3 0.57
SPECT-MRI MSRPAN 0.124 1 0.8452 4.8509 1.7151 14.133 1 0.481 4 0.31
EMFusion 0.142 0 0.850 4 5.301 6 1.583 1 13.331 0 0.539 9 0.17
DDcGAN 0.280 8 0.642 1 5.524 6 1.362 9 16.615 1 0.518 5 0.52
GeSeNet 0.163 3 0.856 0 5.903 1 1.582 6 14.347 2 0.649 8 0. 02
MSAGAN 0.289 9 0.857 5 5.3552 1.4517 18.196 2 0.720 4 0.54
®2 CT-MRI¥ESEMHMIEER
Table 2 Results of ablation experiments on the CT-MRI dataset
EAN; 3 SAM AG cc EN PSNR VIF

0.210 5 0.773 1 5.3355 0.997 7 21.288 0 0.298 9

VvV 0.242 6 0.782 1 5.3389 1.094 8 23.146 1 0.497 2

vV 0.247 3 0.779 4 5.342°3 1.128 4 23.154 0 0.485 6

Y vV 0.274 5 0.784 4 5.345 5 1.192 8 24. 066 1 0.593 6
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AR, ZAEHR F 22 RUEE S5 48, e 5 AT 44 b A 42
PR 22 KB RFAE 5 0 Ah I B I 51 A %5 ] 1 2
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B 45 LR W] T MSAGAN J7 548 Ji 1 il % 34
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BIE Ay 51355 0.302 3.,20.720 7.1.441 4 .0.649 8,
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B AR50 5 Se 5 4 25 R AR A% 2 20 1y JE AR
PR 4R T I 2R 4

SR

[1] HUANG B, YANG F, YINM X, et al. A review of mul-
timodal medical image fusion techniques[J]. Computa-
tional and Mathematical Methods in Medicine, 2020,
2020 8279342.

[2] AZAM M A, KHAN K B, SALAHUDDIN S, et al. A re-
view on multimodal medical image fusion: compendious
analysis of medical modalities, multimodal databases, fu-
sion techniques and quality metrics[ J]. Computers in Bi-
ology and Medicine, 2022, 144. 105253.

[3] PIELLA G. A general framework for multiresolution im-
age fusion: from pixels to regions[J]. Information Fu-
sion, 2003, 4(4) . 259-280.

[4] GUOP,XIEGQ, LIRF, et al. Multimodal medical im-
age fusion with convolution sparse representation and mutu-
al information correlation in NSST domain[J]. Complex &
Intelligent Systems, 2023, 9(1). 317-328.

[5] YINM, LIU X N, LIU Y, et al. Medical image fusion
with parameter-adaptive pulse coupled neural network in

nonsubsampled shearlet transform domain [ J ]. IEEE

Transactions on Instrumentation and Measurement, 2019,
68(1): 49-64.

[6] ZHU Z Q, ZHENG M Y, QI G Q, et al. A phase con-
gruency and local Laplacian energy based multi-modality
medical image fusion method in NSCT domain[J]. IEEE
Access, 2019, 7. 20811-20824.

[7] DOGRA A, KUMAR S. Multi-modality medical image fu-
sion based on guided filter and image statistics in multidi-
rectional shearlet transform domain[ J]. Journal of Ambi-
ent Intelligence and Humanized Computing, 2023, 14
(9): 12191-12205.

[8] ZHANG Y, LIU Y, SUN P, et al. IFCNN: a general im-

age fusion framework based on convolutional neural network
[J]. Information Fusion, 2020, 54. 99-118.

[9] LI H, WU X J. DenseFuse: a fusion approach to infrared
and visible images[ J]. IEEE Transactions on Image Pro-
cessing, 2019, 28(5) ; 2614-2623.

[10] FUJ, LIW S, DU J, et al. A multiscale residual pyramid
attention network for medical image fusion[ J]. Biomedical
Signal Processing and Control, 2021, 66. 102488.

[11] WRT, BRIG T, kA8, DU A8 U B4 A Bl X Bt

LA S T e R RS [J/0L]. 5 HLET B i
5 EE#M,1-14(2024-02-06) [ 2024-04-07 1.
hitp: / kns. cnki. net/kcms/detail/11.2925. TP.
20240204. 1728. 061. html.
XU G Y, CHEN H Y, ZHANG J. Infrared and visible
image fusion based on dual-path and dual-discriminator
generation adversarial network [ J/OL]. Journal of Com-
puter-Aided Design & Computer Graphics, 1 - 14 (2024 -
02-06) [ 2024-04-07]. http: /kns. cnki. net/kems/de-
tail/11. 2925. TP. 20240204. 1728. 061. html.

[12] MAJ Y, YU W, LIANG P W, et al. FusionGAN: a
generative adversarial network for infrared and visible im-
age fusion[ J]. Information Fusion, 2019, 48 11-26.

[13] ZHAO C, WANG T F, LEI B Y. Medical image fusion
method based on dense block and deep convolutional gen-
erative adversarial network [ J]. Neural Computing and
Applications, 2021, 33(12) : 6595-6610.

[14] MAJY, XU H, JIANG J ], et al. DDcGAN: a dual-dis-
criminator conditional generative adversarial network for
multi-resolution image fusion[J]. IEEE Transactions on
Image Processing, 2020, 29. 4980-4995.

[15] ZHOU T, LI Q, LU H L, et al. GAN review: models
and medical image fusion applications [ J]. Information
Fusion, 2023, 91, 134-148.

[16] HILR, MRACE, Fidk . 5EF L BP0 W 4 R 5
FE23 [ 1 B2 2 G & Sk ()] (R B 54, 2021,
50(5) : 538-549.

XIAO E L, LIN H X, JIAN X Z. Medical image fusion



3 PSP PN i 3 - S QRIS ) 2025 4

algorithm adopting generative adversarial network to ex- 69(9) : 6880-6890.

plore latent space[ J]. Information and Control, 2021, 50 [21] XU H, MAJY, JIANG J ], et al. U2Fusion: a unified

(5): 538-549. unsupervised image fusion network [ J]. TEEE Transac-
[17] LI H C, XIONG P F, AN J, et al. Pyramid attention net- tions on Pattern Analysis and Machine Intelligence,

work for semantic segmentation[ EB/OL]. (2018-11-25) 2022, 44(1): 502-518.

[2024-04-07]. https ; //arxiv. org/abs/1805. 10180. [22] XU H, MA J Y. EMFusion: an unsupervised enhanced
[18] LIU Y, WANG L, LI H F, et al. Multi-focus image fu- medical image fusion network [ J]. Information Fusion,

sion with deep residual learning and focus property detec- 2021, 76 177-186.

tion[ J]. Information Fusion, 2022, 86.: 1-16. [23] LIJW, LIUJY, ZHOU S H, et al. GeSeNet: a general
[19] FHifgd, 0. 25T 2 MUB 2% 20 R Az J T Bt ) 45 1Y semantic-guided network with couple mask ensemble for

ErrEG SR )]. BokEkd Faeut R, 2022, medical image fusion[J]. IEEE Transactions on Neural

59(22); 245-254. Networks and Learning Systems, 2023,1. 14.

YINH T, YUE Y Y. Medical image fusion based on [24] X\hay, Fik, €EF, %, T CNN Y3E FREEST

semisupervised learning and generative adversarial net- VI L RERGEE[T]. BN KFSMR (T %

work[ J]. Laser & Optoelectronics Progress, 2022, 59 JZ), 2019, 40(4) . 36-41.

(22): 245-254. LIU S Q, WANG J, AN Y L, et al. Multi-focus image
[20] LIX X, GUO X P, HAN P F, et al. Laplacian redecom- fusion based on CNN in non-sampled shearlet domain

position for multimodal medical image fusion[ J]. IEEE [J]. Journal of Zhengzhou University ( Engineering Sci-

Transactions on Instrumentation and Measurement, 2020, ence), 2019, 40(4) . 36-41.

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 could effectively capture and re-
tain multi-scale features from the source images, and incorporate 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 could 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





