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Abstract: In view of the serious detail loss, the feature information of infrared image is not highlighted and
the semantic information of source image is ignored in the fusion of infrared image and visible image, a fu-
sion network of infrared image and visible image based on secondary image decomposition was proposed.
The encoder was used to decompose the source image twice to extract the feature information of different
scales, then the two-element attention was used to assign weights to the feature information of different
scales, the global semantic branch is introduced, the pixel addition method was used as the fusion strate-
gy, and the fusion image was reconstructed by the decoder. In the experiment, FLIR data set was select-

ed for training, TNO and RoadScene data sets were used for testing, and eight objective evaluation param-
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eters of image fusion were selected for comparative analysis. The image fusion experiment of TNO data
set shows that in terms of information entropy, standard deviation, spatial frequency, visual fidelity, aver-
age gradient and difference correlation coefficient, SIDFuse is 12.2%, 9.0%, 90.2%, 13.9%,
85.1% , 16.8%,6.7%,30.7% higher than DenseFuse, the classical fusion algorithm based on convolu-
tional networks, respectively. Compared with the latest fusion network LRRNet, the average increase is
2.5%,5.6%,31.5%, 5.4%, 25.2% , 17.9%,7.5%,20. 7 respectively. It can be seen that the image
fusion algorithm proposed in this paper has a high contrast, and can retain the detail texture of visible im-
age and the feature information of infrared image more effectively at the same time, which has obvious ad-
vantages in similar methods.

Key words: image fusion; image secondary decomposition; global semantic branch; two-element atten-

tion; image contrast
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Fig.1 Training network frame diagram
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Tab.1 Comparison of fusion results of three fusion strategies in TNO dataset
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Tab.3 Ten fusion methods were objectively compared on the TNO dataset

EN SD SF VIF AG SCD  MS _SSIM Q.
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Tab.4 Ten fusion methods were objectively compared on RoadScene dataset

EN SD SF VIF AG SCD MS _SSIM Q.
GTF 7.3948 10.474 5 0.037 3 0.573 6 3.1209 1.009 7 0.7323 0.3376
DenseFuse 6.802 5 9.403 3 0.036 9 0.6388 3.708 2 1.3915 0.848 1 0.3531
RFN-Nest 7.299 2 9.958 8 0.0307 0.6912 3.3894 1.727 2 0.8639 0.2926
IFCNN 6.9116 9.470 3 0.054 9 0.639 3 5.2281 1.4390 0.900 1 0.5218
NestFuse 7.396 5 10.329 6 0.0531 0.824 4 5.0753 1.707 1 0.8650 0.502 2
Dualbranch 6.784 6 9.3887 0.0327 0.6401 3.362 6 1.386 2 0.856 5 0.4180
LRRnet 7.1328 9.926 8 0.0490 0.6737 4.718 3 1.594 7 0.788 8 0.348 1
SMOA 6.957 6 9.6411 0.0412 0.6729 4.0935 1.5392 0.8770 0.4322
SDNet 7.2321 9.813 3 0.058 3 0.7375 5.994 5 1.4448 0.8931 0.4953
SIDFuse 7.4876 10.796 4 0.060 1 0.728 2 5.9699 1.8371 0.9117 0.488 4
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