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Method for Infrared and Visible Image Fusion Based on Class

Activation Mapping

WAN Qi, QIN Pinle, ZENG Jianchao
(School of Computer Science and Technology, North University of China, Taiyuan 030051, China)
Abstract: To address the issues of fixed and monotonous information selection strategies in current image fusion

algorithms, which lead to the loss of critical source image information and interference from invalid noise
degrading fusion quality, this paper proposed an interpretable infrared and visible image fusion method based
on Class Activation Mapping (CAM). By leveraging the CAM mechanism, class activation weights were
derived from different source images, reflecting the network’s attention to feature importance. These weights
were utilized to assign channel-specific feature priorities, enabling weighted fusion of deep features to preserve
richer salient targets, texture details, and critical information from source images while suppressing noise.
Experimental results demonstrate that the proposed method outperformed most state-of-the-art algorithms on
the TNO and RoadScene datasets. On the TNO dataset, it achieves superior information entropy (EN) and
visual fidelity (VIF) scores of 7. 327 2 and 0. 692 7, respectively, significantly surpassing existing approaches.
This indicates that the proposed method effectively retains key features of source images while exhibiting
exceptional visual perception performance.
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Tab.1 Comparison of quantitative metrics on the TNO dataset

i EN AG SCD  SSIM  VIF
MDLatLRR  6.5874 3.0169 1.4430 0.7750 0.3523
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U2Fusion  7.0710 47496 1.7426 0.7779 0.6615
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IRFS 6.7294 3.5964 1.7064 0.7915 0.6740
SeAFusion  7.1242 4.0185 1.7643 0.7694 0.6733
DATFuse  6.5803 3.3612 14792 0.7494 0.6394
Ak 73272 41124 1.8747 0.7783  0.6927
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Fig.4 Comparison of visualization results on the TNO dataset
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Tab. 2 Comparison of quantitative metrics on the RoadScene dataset

Jrik EN AG SCD  SSIM VIFE
MDLatLRR  6.7714 3.6499 14844 0.8931 0.3729
DenseFuse  7.0584 4.5426 17863 0.9205 0.5471
U2Fusion 72555 6.0606 1.7325 0.9157 0.509 5
GANMcC  7.3296 3.6601 1.7590 0.8234 0.3607
IRFS 6.8793 5.9406 1.7391 09379 0.6624
SeAFusion  7.2751 55199 17970 0.9340 0.6617
DATFuse 67303 5.2834 15117 09141 0.6277
A 74768  6.0352  1.9069 0.9438 0.6809
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Tab.3 Ablation experiment objective evaluation indicators

(a) [1-norm

Jrik EN AG SCD SSIM VIF
Anorm  6.9602 3.0204 1.6712 0.7374 0.4819
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Ak 7.3272 41124 1.8747  0.7783  0.6927
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