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Infrared and visible image fusion based on transformer
and spatial attention model

GENG Jun, WU Zi-hao, LI Wen-hai, LI Xiao-yu
(College of Software , Xinjiang University , Urumqi 830091, China)

Abstract: Currently , the applications of convolutional neural networks to the task of fusing infrared and visible images
have achieved better fusion results. Many of these methods are based on network models with self-encoder architec-
tures , which are trained in a self-supervised methods and require the use of hand-designed fusion strategies to fuse fea-
tures in the testing phase. However, existing methods based on self-encoder networks rarely make full use of both
shallow and deep features, and convolutional neural networks are limited by the receptive field ,making it more difficult
to establish long-range dependencies and thus losing global information. In contrast, Transformer,with the help of self-
attention mechanism, can establish long-range dependencies and effectively obtain global contextual information. In
terms of fusion strategies, most of the methods are designed in a crude way and do not specifically consider the charac-
teristics of different modal images. Therefore, CNN and Transformer are combined in the encoder to enable the en-
coder to extract more comprehensive features. And the attention model is applied to the fusion strategy to optimize the
features in a more refined way. The experimental results show that the fusion algorithm achieves excellent results in
both subjective and objective evaluations compared to other image fusion algorithms.
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Fig. 11 Subjective comparison of " pedestrian " fusion images
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Tab. 5 Comparison of objective metrics for the TNO dataset

El SF EN QAB/F SSIM MI SD VIF NCIE

DCHWT 36. 0139 9. 7467 6.5678 0. 4664 0. 4015 0. 7540 13. 1355 30. 5206 0. 5056 0. 8050
GTF 32.5279 9.2044 6. 6353 0. 4265 0. 4362 0.7274 13. 2707 31.5792 0.4136 0. 8061
DenseFuse 34,5570 8.9140 6. 6773 0.4410 0. 4276 0. 7315 13. 3546 33. 1777 0. 6461 0. 8050
FusionGan 22.1482 5.7909 6.3629 0.2189 0. 3708 0.6718 12.7257 26. 0676 0. 4536 0. 8052
IFCNN 42. 1677 11. 4913 6. 5954 0. 5041 0.4017 0. 7462 13. 1909 31. 4000 0. 5902 0. 8054
NestFuse 36. 3888 9. 7450 6. 9203 0. 4892 0. 4373 0. 7308 13. 8406 40. 1708 0. 7957 0. 8087
PMGI 36. 5525 8. 7099 6. 9339 0.4104 0. 3984 0.7311 13. 8679 34, 8728 0. 7928 0. 8051
U2Fusion 48. 3617 11.3013 6.7571 0. 4249 0. 3620 0. 7053 13.5142 31.7084 0. 8543 0. 8040
SwinFuse 44. 3590 12. 6399 6. 8820 0. 4452 0.4273 0. 6811 13.7640 46. 9457 1. 0044 0. 8056
TAFuse 41. 5596 11.2394 7. 0646 0. 4948 0. 4436 0. 6907 14. 1293 47. 0165 1. 0550 0. 8119

% 6 RoadScene % 4/ 5 17 B WL 48 47 4
Tab. 6 Comparison of objective metrics for the RoadScene dataset

El SF EN QAB/F SSIM MI SD VIF NCIE

DCHWT 49. 4608 11. 8975 7.1710 0. 4588 0.3671 0. 7265 14. 3420 39.7779 0.5241 0. 8067
GTF 37.2992 10. 1343 7. 6346 0. 3816 0.3923 0.7198 15. 2693 59. 7582 0. 4247 0.8112
DenseFuse 34,0233 8.5547 6. 6757 0.3817 0.4192 0.7152 13.3514 30. 7038 0. 6694 0. 8079
FusionGan 35.4048 8. 6400 7.1753 0.2737 0.3410 0. 6515 14. 3507 42.3040 0. 4256 0. 8077
IFCNN 57. 6653 15. 0677 6.9730 0.5150 0. 4032 0.7301 13. 9460 35. 8183 0. 6249 0. 8076
NestFuse 54.7351 14. 6151 7.3848 0.4911 0. 4344 0.7031 14. 7695 51.7192 0. 9625 0. 8105
PMGI 47.2067 10. 9368 7.3493 0. 4248 0.3774 0. 6899 14. 6986 49. 3262 0. 6461 0. 8100
U2Fusion 66. 2529 15. 8242 7. 1969 0. 4805 0.3717 0.7038 14. 3938 42.9368 0. 8317 0. 8075
SwinFuse 61. 0275 16. 4591 7.3113 0.4493 0. 4201 0. 6993 14. 6226 53.7563 0. 9928 0. 8085
Ours 61.2184 17. 0160 7. 4541 0. 5050 0. 4333 0.6911 14. 9081 60. 6918 1. 1685 0. 8137
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