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Abstract: Multimodal medical image fusion plays a crucial role in clinical medical applications. Most of
the existing methods have focused on local feature extraction, whereas global dependencies have been in-
sufficiently explored; furthermore, interactions between global and local information have not been consid-

ered. This has led to difficulties in effectively addressing the complexity of patterns and the similarity be-
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tween the surrounding tissue (background) and the lesion area (foreground) in terms of intensity. To ad-
dress such issues, this paper proposes an LL.-GG-L.G Net model for PET and CT medical image fusion.
Firstly, a Local-Local fusion (LL) module is proposed, which uses a two-level attention mechanism to
better focus on local detailed information features. Next, a Global-Global fusion (GG) module is de-
signed, which introduces local information into the global information by adding a residual connection
mechanism to the Swin Transformer, thereby improving the Transformer’s attention to local information.
Subsequently, a Local-Global fusion (LG) module is proposed based on a differentiable architecture
search adaptive dense fusion network, which fully captures global relationships and retains local cues,
thereby effectively solving the problem of high similarity between background and focus areas. The mod-
el's effectiveness is validated using a clinical multimodal lung medical image dataset. The experimental re-
sults show that, compared to seven other methods, the proposed method objectively improves the percep-
tual image fusion quality evaluation indexes such as the average gradient (AG) , edge intensity (EI) ,
Q™" spatial frequency (SF), standard deviation (SD) and information entropy (IE) edge retention by
21.5%,11%, 4%, 13%, 9%, and 3%, respectively, on average. The model can highlight the informa-

tion of the lesion areas. Moreover, the fused image structure is clear, and detailed texture information can

be obtained.
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Fig. 6 Subjective comparison of fused images by different methods
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Tab.1 Mean value of objective evaluation metrics.

No. Methods AG EI QYT SF SD 1E
LATLRR 9.669 55.903 0 0.4704 26.66 36.52 6.537 1
LRD 10. 009 67.6109 0.378 6 27.85 39.11 6.007 8
DPCN 8.568 65.025 6 0.3727 24.31 41.52 6.057 2
Res2Net 4.860 34.026 1 0.1884 13.34 33.01 5.5655
! DIFNet 5.676 44.3912 0.2716 17.92 23.78 5.834 2
EMFusion 9.487 75.529 0 0.509 9 30.03 40. 46 6.254 3
DDcGAN 10. 609 57.0587 0.3100 29.16 32.35 5.876 9
OURS 12.901 78.936 0 0.5200 34.42 46. 63 6.555 2
LATLRR 9.494 54.709 2 0.469 8 25.63 36.33 6.4451
LRD 10. 152 70.681 0 0.4154 29.12 42.90 6.3610
DPCN 9.143 70.1154 0.437 3 24.80 39. 65 6.3843
Res2Net 3. 568 34.8222 0.1881 13.74 33.13 5.6574
? DIFNet 5.445 43.107 7 0.2639 17.83 24.84 5.6791
EMFusion 9.225 70.558 6 0.512 3 29.14 40.73 6.080 6
DDcGAN 10. 383 56.541 6 0.302 5 27.57 32.41 6.146 7
OURS 12.577 75.507 8 0.5328 32.91 44.72 6.586 3
LATLRR 9.312 56.217 1 0.458 9 24.45 33.31 6.2099
LRD 10. 568 75.193 2 0.4186 29.38 43.38 6.067 0
DPCN 9.234 70.159 1 0.416 1 24.76 42.98 6.656 2
Res2Net 4.845 32.2870 0.1951 13.11 34.59 5.1909
’ DIFNet 6.593 45.0180 0.2637 19.95 26.04 5.2246
EMFusion 10.421 73.309 5 0.4833 29.24 42.49 6.3251
DDcGAN 10. 542 59.7175 0.3227 27.55 35.69 6.520 1
OURS 12.771 78.064 2 0.514 2 32.77 48.94 6.766 2
LATLRR 7.344 52.859 9 0.463 6 24.14 40.98 6.777 6
LRD 7.854 56.040 9 0.4186 26.49 44.90 6.276 7
DPCN 7.461 57.857 8 0.416 4 23.82 46.99 6.2513
Res2Net 4.735 33.297 2 0.186 9 13.26 34.48 5.9214
! DIFNet 5. 805 41.799 6 0.2628 17.73 26.50 6.163 3
EMFusion 9.236 65.856 7 0.503 3 29.90 44.49 7.095 4
DDcGAN 8.390 47.059 3 0.3237 27.55 35.69 6.5210
OURS 10. 257 74.0715 0.5181 33.77 48. 65 6.966 2
LATLRR 8. 243 59.719 8 0.472 5 24.02 35.28 6.4837
LRD 8.715 63.709 9 0.393 2 27.34 39. 86 5.926 2
DPCN 8.040 62.557 3 0.4071 23.81 41.66 5.9237
. Res2Net 5. 340 36.794 4 0.176 0 14.08 26.97 5.596 6
DIFNet 6. 960 48.4101 0.280 5 19.41 22.82 5.754 2
EMFusion 9.773 71.2456 0.489 6 27.87 39.52 6.3258
DDcGAN 9.091 51.866 5 0.299 9 26.08 30. 74 5.7408
OURS 11. 048 90.424 1 0.5254 31.67 44.93 6.543 2

Bold font is the best result for each column
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Fig. 7 Histogram of fused image evaluation metrics
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WAL SR STEME LR TR A KIRE ., S 57 QYR TE T 4%, BLWI LG Module fig
Hn G5 8w B M bR Bk, Ay BRI R ERD SIS B G E A
VLS 2 fE TP G AR AG LRI T 17% (BT AR L R IR A R 4R L R X 4375 B Rk IX
BET11% IERTF T 10% .SD# I T 14% A1 AL EE R4 T RAFRIAE .

F2 HEXEEWENIERSE

Tab.2 Mean value of objective evaluation metrics for ablation experiments

LL Module GG Module LG Module
Number of at- Residual No )
No. ) ) AG El QT SF SD 1E
tention layers connection (Average Yes

Single Double No  Yes weighted)

1 N X X X X X 8.8024 63.5930 0.4652 26.0555 33.1413 5.1301
2 X N/ X X X X 10.1493 77.0146 0.4876 29.4447 39.2093 5.5846
3 X X N X X 6.4907 47.7973 0.3879 22.8919 36.8388 4.3948
4 X X X X X 7.8701 52.3582 0.4036 24.5589 36.2278 5.1332
5 X N/ X X 8.9479 62.3193 0.4918 26.2241 36.5373 5.8364
6 X N X N, X v 11.906 6 85.9173 0.5160 32.2936 44.6949 6.2325

Bold font is the best result for each column

Experimen 1 Experimen2  Experimen3  Experimen4  Experimen5 LL-GG-LG Net

P8 i Rl S E M HE

Fig.8 Qualitative comparison of ablation experiments

2 E 8 FNE 9, B RE AR A SC AT H ) R R (GG Module) Fl J& 3 - 4= J7y @il & A2 B (LG
H - JR B A L H (LL Module) , 42 5 -4 /i il & Module) ¥ 45 & A MBI EEE T & R4 E AR
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Fig.9 Radar map of ablation experiments
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