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Abstract: To solve the problems of texture detail blurring and low contrast in multimodal medical image
fusion, a multimodal medical image fusion method with structural-functional crossed neural networks was
proposed. Firstly, this method designed a structural and functional cross neural network model based on
the structural and functional information of medical images. Within each structural-functional cross mod-
ule, a residual network model was also incorporated. This approach not only effectively extracted the
structural and functional information from anatomical and physiological medical images but also facilitated
interaction between structural and functional information. As a result, it effectively captured texture details

from multi-source medical images, creating fused images that closely align with human visual characteris-
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tics. Secondly, a new attention mechanism module was constructed by utilizing the effective channel atten-
tion mechanism and spatial attention mechanism model (ECA-S) , which continuously adjusted the
weights of structural and functional information to fuse images, thereby improving the contrast and contour
information of the fused image, and to make the fused image color more natural and realistic. Finally, a
decomposition process from the fused image to the source image was designed, and since the quality of the
decomposed image depends directly on the fusion result, the decomposition process could make the fused
image contain more texture detail information and contour information of the source image. By comparing
with seven high-level methods for medical image fusion proposed in recent years, the objective evaluation
indexes of AG, EN, SF, MI, Q" and CC of this paper's method are improved by 22.87%, 19.64%,
23.02%, 12.70%, 6.79% and 30. 35% on average, respectively, indicating that this paper’s method can
obtain fusion results with clearer texture details, higher contrast and better contours in subjective visual
and objective indexes are better than other seven high-level contrast methods.

Key words: multimodal medical image fusion; structural and functional information cross-interacting net-

work; attention mechanism; decomposition network
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Tab.1 Specific parameters of network model

Module Layer k S P I (0]
Input Conv  5X5 1 1 1 32
Convl 3X3 1 1 32 32

Conv2 3X3 1 1 32 32

G-RBlock  Conv3d 3X3 1 1 32 32
Convd 3X3 1 1 32 32

Convd 3X3 1 1 64 32

Convl 3X3 1 1 32 32

Convz 3X3 1 1 32 32

R-G Block ~ Conv3d 3X3 1 1 32 32
Convd 3X3 1 1 32 32

Convd 3X3 1 1 64 32

Outputl Conv 1X1 1 1 64 1
Convl 1X1 1 1 33 64

Conv2 3X3 1 1 64 64

Convd 1X1 1 1 64 16

M-R Blocks Convd 3X3 1 1 16 16
Convs 1X1 1 1 16 4

Conv6 3X3 1 1 4 4

Conv7 1X1 1 1 68 4

Conv8 3X3 1 1 4 4

Output2 Conv  3X3 1 1 20 1
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Fig.7 Comparison of MRI-PET image fusion in "mild Alzheimer's disease".
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Fig.9 Comparison of MRI-CT image fusion of "meningioma"
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Tab.2 Objective evaluation indexes of MRI-PET image fusion in "mild Alzheimer's disease"

AG EN SF MI Q™" cc Time
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NSST 7.962 6 4.2051 39.369 8 2.514 4 0.3675 0.276 5 10.595 1
LEGFF 10.986 9 4.793 1 49.882 2 2.3033 0.5730 0.2840 0.5726
MATR 9.118 2 3.4349 45.902 4 1.8419 0.577 8 0.2870 9.7587
CNP 10.947 6 3.7118 51.9134 2.126 8 0.546 4 0.7759 6.529 8
SDNet 11.1509 5.189 2 49.373 4 2.5526 0.5197 0.6104 0.047 0
CFL 11.0230 3.9917 52.1218 2.444 4 0.574 2 0.586 3 34.727 1
Ours 12.763 0 5.590 2 58.207 9 2.683 6 0.5805 0.7837 0.116 6

x3 “HBBUEXSEE MRI-SPECT B&R & ZEWIEMN R
Tab.3 Objective evaluation indexes of MRI-SPECT image fusion in "metastatic bronchogenic carcinoma"

AG EN SF MI QM CC Time
MLEPF 5.692 3 5.0580 26.656 3 3.4578 0.506 7 0.860 8 7.5531
NSST 6.1609 5.0570 29.5959 3.4957 0.5616 0.864 8 49.169 4
LEGFF 6.498 0 5.1429 31.044 2 2.948 8 0.620 4 0.8719 0.654 8
MATR 5.9634 4.146 0 30.029 0 2.610 8 0.6529 0.5339 0.3439
CNP 6.616 7 3.9752 34.040 3 2.599 5 0.604 8 0.6357 8.9654
SDNet 7.8687 5.3375 36.5713 2.708 8 0.5312 0.7875 0.046 5
CFL 6.492 4 4.4420 32.9970 2.948 1 0.6215 0.8408 28.659 7
Ours 8.476 5 5.748 2 42.3312 3.1885 0.6035 0.8775 0.2365

*4 “BFRE"MRI-CT BE& R & E W ITEM B
Tab.4 Objective evaluation indexes of "meningioma" MRI-CT image fusion

AG EN SF MI QM CcC Time
MLEPF 4.009 2 5.124 5 17.820 1 1.5314 0.2657 0.659 4 9.6325
NSST 8.4861 5.2322 41.9257 2.8199 0.644 0 0.8910 8.7349
LEGFF 8.8851 5.2235 42.716 3 2.9491 0.617 1 0.8490 0.438 3
MATR 8.2967 4.896 8 40.518 5 3.314 2 0.607 2 0.647 3 0.288 3
CNP 8.9509 5.0195 41.972 8 3.3295 0.6252 0.707 7 3.5878
SDNet 8.2011 4.772 6 38.926 9 3.113 4 0.549 8 0.899 3 0.040 0
CFL 8.3200 4.5450 40.693 3 3.0387 0.580 2 0.799 0 14.614 2
Ours 8.5784 5.2480 41.987 2 3.3399 0.564 5 0.905 2 0.2240
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Fig. 10 "Person" multi-focus image fusion comparison
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Tab.5 Objective evaluation index of multi-focus image fusion of "people"
AG EN SF MI QYr cC Time
LEGFF 5.2755 7.1836 17.516 4 6.694 3 0.7080 0.9854 0.438 3
CFL 5.064 3 7.216 9 17.2197 6.093 7 0.697 6 0.987 2 10. 5554
LRD 3.9807 7.1654 15.009 1 5.6452 0.5612 0.958 0 193.902 3
SDNet 4.763 3 7.4458 17.8380 6.822 6 0.6334 0.9859 0.0400
DCPCNN 3.9393 7.154 7 16.524 9 7.0579 0.684 4 0.976 4 11.689 1
Ours 5.9316 7.496 6 17.694 0 7.4858 0.7191 0.9879 0.6128
F6 3IMARBETLHNEATRAEGRHEEHIEMNIEIR
Tab.6 Objective evaluation index of infrared and visible image fusion in three different scenes
Image Method AG EN SF MI QM CC Time
LEGFF 5.0191 5.7431 12.3055 7884 0.464 5 0.7825 0.704 7
CFL 1.916 9 5.604 3 5.8428 2.490 5 0.4174 0.4290 15.712 8
CCF 3.4697 5.6257 8.4121 2.678 2 0.460 5 0.452 7 2.752 6
helicopter
SMVIF 3.2055 5.024 2 7.829 2 .796 4 0.5101 0.7535 6.9231
ResNet 1.7925 4.8594 4.502 1 2.1147 0.3977 0.7833 11.689 1
Ours 5.634 8 6.359 3 15. 662 6 .8709 0.299 6 0.914 4 0.195 6
LEGFF 6.899 5 6.3721 18.459 5 .8113 0.4410 0.4879 0.446 8
CFL 6.8127 4.860 5 15.2918 2.1435 0.414 4 0.668 3 17.998 4
CCF 5.4709 6.793 4 16.148 1 2.1619 0.423 3 0.6515 31.268 2
Nato camp
SMVIF 6.3308 5.278 2 15.644 2 .5235 0.4252 0.516 6 6.5214
ResNet 6.250 5 3.2868 9.9289 .6226 0.3451 0.5174 1.4236
Ours 6.9209 6.386 0 18.601 5 2.1897 0.364 2 0.706 3 0.356 8
LEGFF 7.176 5 6.457 2 17.418 5 .404 0 0.4315 0.720 2 0.446 8
CFL 2.946 4 6.7200 7.8248 3.3241 0.389 6 0.759 7 17.998 4
CCF 5.063 2 6.7714 12.318 6 3.087 2 0.453 4 0.7624 31.268 2
Movie 18
SMVIF 4.576 1 5.654 1 10.878 4 .2814 0.448 8 0.6918 6.5214
ResNet 2.5859 5.5249 6.3155 .546 5 0.340 1 0.7275 1.4236
Ours 8.6325 6.998 1 21.409 5 .998 2 0.3133 0.766 4 0.356 8
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Fig. 11 Comparison of infrared and visible image fusion in three different scenes
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Fig. 12 Four different network structures for ablation experiments
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DFENet: a dual-branch feature enhanced network
integrating transformers and convolutional feature

learning for multimodal medical image fusion [J].
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