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Abstract

Infrared and visible image fusion is a significant research direction in multimodal fusion, with ex-
tensive applications in medicine, industry, autonomous driving, and other fields. This paper pro-
poses a fusion algorithm based on a Transformer-CNN hybrid network. First, a dual-branch feature
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extraction network is constructed to extract features from different modal images. Subsequently,
during the fusion stage, complementary features are extracted through cross-modal feature differ-
ence computation. A parameter-adaptive Swish activation function is employed to dynamically gen-
erate channel weights, which are combined with global average pooling for feature compression
and cascading strategies, enabling cross-scale feature fusion of infrared and visible modalities. Fi-
nally, a mask loss is introduced to enhance fusion quality. Experimental results on public datasets
demonstrate that the fused images produced by this method exhibit clear background texture de-
tails. Both subjective evaluation and objective metrics indicate that our approach achieves superior
or comparable results.
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Figure 1. Network framework
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Figure 2. MFEM module
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Figure 3. Fusion module
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Figure 4. Training network architecture
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Figure 5. Qualitative comparison of different methods on MSRS and RoadScene datasets
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Table 1. Objective evaluation metrics for comparative experiments on the MSRS dataset

%% 1. MSRS &I L LI BTN FE 4R

Algorithms EN SSIM SCD AG MI SF VIF
DSFusion 6.218 0.8033 1.2138 3.9525 1.7552 0.0554 0.8529
U2Fusion 5.637 0.8835 1.1755 2.4098 2.453 0.0239 0.8742
GANMCcC 6.0848 0.8797 1.3501 2.2943 1.1157 0.014 0.7729
STDFusion 5.5092 0.9085 1.1832 3.3945 1.0352 0.0466 0.8634
ITFuse 5.7776 0.835 1.2407 1.8028 0.8372 0.0252 0.8523
BTSFusion 6.4996 0.8664 1.3737 4.133 2.546 0.049 0.8698
RFN-nest 6.4127 0.7386 1.291 3.6921 1.1021 0.0554 0.8974
Ours 6.5903 0.9359 1.5821 5.012 1.9559 0.0562 0.9684

Table 2. Objective evaluation metrics for comparative experiments on the RoadScene dataset
% 2. RoadScene #HBEXTEL LI E W IFMNIEHR

Algorithms EN SSIM SCD AG MI SF VIF
DSFusion 6.6509 0.8986 1.3454 4.6539 1.8563 0.0277 0.8119
U2Fusion 6.7412 0.8967 1.3425 5.6638 2.7425 0.033 0.8553
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GANMcC 7.3532 0.7113 1.462 4.5523 2.7927 0.0362 0.7844
STDFusion 7.3343 0.6052 1.3731 5.6416 1.8832 0.0469 0.7764
ITFuse 6.252 0.865 1.2613 2.3287 2.6548 0.0438 0.8661
BTSFusion 6.9397 0.8361 1.4205 5.4403 2.2326 0.0508 0.8397
RFN-nest 7.3514 0.8928 1.4319 4.991 4.2928 0.0323 0.7832
Ours 7.95 0.961 1.5205 6.1717 3.3774 0.0518 0.8914
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Figure 6. Visual comparison of ablation study results
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Table 3. Objective metrics for ablation studies
7 3. HASLIE B MARRR

AR, SEHMER .

Experiment EN SSIM SCD AG MI SF VIF
No MFEM 6.1493 0.4076 1.1003 3.9086 1.7531 0.0231 0.7087
No CMDFM 6.1756 0.4041 1.1096 4.2908 1.6877 0.0119 0.7892
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