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Abstract: Objective Single-modality medical imaging is often insufficient for providing a comprehensive review of lesion
characteristics, including structure, metabolism, and other critical details. Medical images can generally be categorized
into anatomical medical imaging and functional medical imaging. Anatomical medical imaging offers rich information on
the structure of the body, but it lacks insight into metabolic processes. In contrast, functional medical imaging is the oppo-
site. In clinical applications, doctors use medical imaging from multiple modalities to diagnose diseases, localize lesions,
and plan surgeries. However, simultaneously observing multimodal medical images is not intuitive and may not fully cap-
ture all the relevant features of the lesion. Therefore, multimodal medical image fusion is commonly employed in practice
to integrate and enhance the information from different imaging techniques. How to fully retain the unique features of each
modality while effectively integrating the shared features between modalities is a common challenge in medical image
fusion. The information interaction of shared modal features in currently used two-branch image coding methods is often
underdeveloped, and the process is somewhat inadequate. This condition limits the establishment of feature correlations
between multimodal images. A multiscale medical image fusion network is designed to address these issues. This network
is based on progressive feature extraction, frequency domain information supplementation, and image reconstruction by
Swin Transformer and convolutional neural network (CNN). Method First, a multiscale feature extraction module guided
by gradient information was designed, which can be integrated into a three-branch feature extraction architecture. The left
and right branches are responsible for extracting the unique features from each modality of the medical images, while the
middle branch extracts the shared features between modalities. The extraction architecture comprises several multiscale fea-
ture extraction modules, each based on gradient information guidance. These submodule can simultaneously integrate fea-
tures from all scale levels. The extraction architecture fully considers the information interaction between modalities and
can progressively extract the common and unique features across different modalities. In addition, this extraction architec-
ture effectively integrates multiscale features from multimodal medical images. A progressive fusion module that integrates
cross-attention mechanisms was designed to fully utilize the frequency domain information and guide the fusion process at
the modal level. This fusion module enhances the interaction of spatial domain information between different modalities and
leverages high- and low-frequency positional information from the frequency domain, guiding the model for more targeted
multimodal fusion. Finally, a Swin-CNN reconstruction module was designed to determine the relationship between global
and local area features of medical images. The reconstruction module uses Swin Transformer to capture global information,
such as the overall structure and shape of the image, while simultaneously employing CNN to extract regional features,
such as local texture details. The reconstruction module can effectively improve the quality of fused images by integrating
the global and local feature information of medical images simultaneously. Result The datasets used for the experiments
include the MRI-SPECT and MRI-PET fusion datasets from the whole brain database at Harvard Medical School and the
GFP-PC fusion dataset from the John Innes Center, respectively. Considering the visual effect of the fused images, the pro-
posed fusion model effectively preserves the structural and functional features of different medical image modalities and
improves the quality of the fused images. The advantages of the fused images generated by this model are as follows: 1)
The fused image has richer texture details and sharper features such as edges and contours. These images effectively pre-
serve the information-rich regions of each modal image. 2) The fused image also effectively preserves the visual features in
all original medical images, which ensures no bias toward preserving information from only one modality of the medical
image. 3) The fused image is rendered effectively, with no artifacts affecting the visual effect. In addition, in terms of com-
parison of quantitative indicators, the model achieves optimization for all eight image fusion evaluation metrics in MRI-
SPECT and MRI-PET fusion tasks. Compared to the model with the second-best performance, the mutual information (MI)
and discrete cosine transform feature mutual information (FMI

ment of 4. 42% and 17. 30%, respectively, and FMI

) are drastically improved. MI demonstrated an improve-

det
showed improvements of 5. 17% and 11%, respectively. In the GFP-

det

PC fusion task, six optimal and two sub-optimal results are achieved. Compared to the model with the second-best perfor-

mance, MI and visual information fidelity (VIF) are substantially improved by 16. 43% and 16. 87%, respectively. Abla-
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tion experiments were also conducted for the network structure and loss function of the model to effectively analyze the
experimental results and evaluate the effectiveness of each part of the model in this paper. Experimental results show that
all model components and the loss function enhance the image fusion effect. Conclusion The proposed fusion model lever-
ages the common and unique features of different medical image modalities and progressively integrates multiscale informa-
tion using a three-branch architecture. The model also utilizes a progressive fusion module that incorporates cross-attention
to fuse high- and low-frequency features in a highly targeted manner. Furthermore, the model focuses on the global and
local attribute information of medical images in the reconstruction process, effectively enhancing the quality of multimodal
medical image fusion. The proposed model in this paper performs well in three medical image fusion tasks with good gener-
alization capability. This model can provide multimodal medical fusion images with clear contour structures and rich tex-
ture details, aiding doctors in clinical diagnosis and improving diagnostic efficiency and accuracy. Future studies will
investigate the constraints or effects of downstream medical semantic segmentation and other tasks on image fusion. The net-
work architecture will also be optimized for specific tasks, ensuring a close integration between tasks such as semantic seg-
mentation and image fusion. This research aims to improve the quality of fused images while enhancing the performance of
downstream tasks, thereby expanding the application possibilities of multimodal medical image fusion.

Key words: multimodal medical image fusion; multiscale; progressive extraction and fusion; frequency domain informa-
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Fig.2  Cross-attention module
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Fig. 3 Global-local feature information reconstruction

module based on Swin-CNN
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Fig. 4  Comparison of ours with eight other methods on MRI and SPECT images ((a) MRI;(b) SPECT; (¢) PMGI; (d) U2Fusion;
(e) SDNet; (f) SwinFusion; (g) SwinFuse; (h) MATR; (i) CDDFuse; (]) MsgFusion; (k) ours )
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Fig. 5 Comparison of ours with eight other methods on MRI and PET images ((a) MRI;(b) PET;
(¢) PMGI; (d) U2Fusion; (e) SDNet; (f) SwinFusion; (g) SwinFuse; (h) MATR; (i) CDDFuse; (j) MsgFusion; (k) ours )
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Fig. 6 Comparison of ours with eight other methods on PC and GFP images ((a) PC;(b) GFP;(c) PMGI;

(d) U2Fusion; (e) SDNet; (f) SwinFusion; (g) SwinFuse; (h) MATR; (i) CDDFuse; (j) MsgFusion; (k) ours )
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®1 ARBEHEEMRI-SPECTBEES LHESLE
Table 1 Quantitative comparison of different fusion methods on the MRI-SPECT fusion task

Tk MI VIF Q. Qvore Qi FMI,., FMI,, FMI,
PMGI (2020) 2.9379 0.548 8 0.409 1 0.806 5 0.705 2 0.870 6 04323 0.3349
SDNet (2021) 2.8437 0.5340 0.5952 0.806 3 0.695 5 0.860 8 04199 03377
U2Fusion (2022) 27475 0.286 1 02192 0.8059 0.780 1 0.849 8 0.184 5 0.279 1
SwinFusion (2022) 3.586 7 0.816 6 0.734 1 0.809 2 09197 0.8817 04424 0.468 3
SwinFuse (2022) 3.562 8 0.384 7 03426 0.808 4 09721 0.830 4 0.228 8 0.310 4
MATR (2022) 3.266 3 0.592 5 0.654 3 0.807 7 0.817 1 0.866 4 0.356 8 0.278 2
CDDFuse (2023) 42391 09221 0.750 4 08124 1.095 1 0.8817 04229 0.450 0
MsgFusion (2024) 33462 03159 0.093 9 0.808 8 0.9852 0.844 1 0.1457 0.2778
AL 4.4267 0.929 0 0.752 3 0.813 6 1.1719 0.882 4 0.465 3 0.5127

E IR R R TR RN S R RS R

x2 AERBMEFEEMRI-PET#REEE LNESLR

Table 2 Quantitative comparison of different fusion methods on the MRI-PET fusion task

ik MI VIF Q. Quere Quyy FMI FMI,, FMI,
PMGI (2020) 3.1293 0.7115 0.438 7 0.807 4 0.695 6 0.8655 0.386 4 03162
SDNet (2021) 2.8665 0.650 4 0.580 3 0.806 4 0.637 3 0.849 4 0.378 2 0.3242
U2Fusion (2022) 2.426 6 0.3849 0.141 4 0.8050 0.7217 0.8554 0.172 1 0.256 3
SwinFusion (2022) 3.4742 0.845 6 0.694 1 0.809 5 0.819 1 0.8762 0.390 6 0.463 1
SwinFuse (2022) 2.744 5 04251 0.202 8 0.8059 0.8920 0.8371 0.246 9 0.301 8
MATR (2022) 3.1517 0.601 6 0.6326 0.808 0 0.723 4 0.848 9 0.2920 0.257 4
CDDFuse (2023) 2.5930 0.5198 0.287 3 0.8057 0.7515 0.8519 0.2670 0.300 8
MsgFusion (2024) 2.6923 0.5416 0.242 1 0.806 6 0.925 1 0.844 3 0.2409 0.269 2
A 4.0753 0.905 2 0.7153 0.8133 0.9593 0.8823 0.433 6 0.5101
TE IR R R TR IR BRI AL A R
£3 AREMEHEEPC-GFPRAEE LHNEELER
Table 3 Quantitative comparison of different fusion methods on the PC-GFP fusion task
Fik Ml VIF Q. Qneie Qu FMI,., FMI,, FMI,

PMGI (2020) 2.5594 0.8322 0.4929 0.806 8 0.390 8 0.8500 0.349 6 0.3580
SDNet (2021) 2.116 4 0.5196 0.4449 0.805 3 0.3510 0.8416 02187 0.224 1
U2Fusion (2022) 2.106 3 0.5249 0.2720 0.804 5 0.346 6 0.8397 0.1587 0.194 4
SwinFusion (2022) 4.560 7 0.976 7 0.761 7 0.8211 0.7132 0.8827 0.3919 04191
SwinFuse (2022) 1.737 3 0.469 4 0.1362 0.803 9 0.397 1 0.859 7 0.178 6 0.1858
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MsgFusion (2024) 1.500 5 0.2957 0.0310 0.803 8 0.420 4 0.859 8 0.1345 0.1432
AL 5.3102 1.1415 0.694 6 0.8283 0.804 9 0.889 0 0.419 4 04115
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Table 4 Comparison of the number of parameters and

runtime of different fusion methods
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Table 5 Ablation study of different structures on MRI and SPECT medical image fusion task datasets

W MI VIF Qs Qe Qy FMI FMI,, FMI,
who FEAEHE U H 3.8351 0.876 2 0.739 4 0.810 3 0.989 7 0.8812 0.455 6 0.460 9
who B (B R AR HR By 32 29912 0.0828 0.034 1 0.807 8 08796  0.8000  0.1052 02732
U-Net FE21 4.109 8 0.894 8 07450 08118 1.066 8 0.8817 0.4311 0.473 2
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wlo Swin Transformer 3.6450 07942 0.7218 0.810 1 0.8869  0.8679 04262 03259
wio FiU b PR AR 32092 06135 0.4259 0.808 1 0.799 8 0.8650  0.3465 0.276 3
AL 44267 09290 07523 08136 1.1719  0.8824 04653 05127
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Fig. 7 Visualization results of different module combinations on the MRI and SPECT medical image fusion task datasets ((a) MRI;
(b) SPECT; (¢) w/o MSFE; (d) w/o Encoder.. ;(e) U-Net framework; (f) w/o CAPF; (g) w/o Swin-T;

joint

(h) w/o frequency domain operation; (i) ours)
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Fig. 8 Effect of loss function weight parameters w,, ®,, @;, @, on MRI-SPECT fusion task
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Table 6 Ablation of different loss functions on MRI and SPECT medical image fusion task datasets
Eacs MI VIF Q¢ Qxer Qui FMI,,., FMI,, FMI,
w/o Ly, 3.088 4 0.674 6 0.704 2 0.807 0 0.788 2 0.880 6 04172 0.458 8
wlo L 4.079 3 0.880 3 0.749 4 0.812 1 1.0102 0.884 3 04756 0.3553
wlo L, 4.2262 0.860 9 0.7513 0.8129 1.056 3 0.884 5 0.463 4 0.328 9
w/o Ly 4.1231 0.8500 0.749 6 0.8123 1.023 6 0.8851 0.459 8 0.3349
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