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Abstract

Infrared image and visible light image fusion is widely used in night vision, surveillance, military
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and other fields. The focus of the fusion task is to integrate complementary information in visible
and infrared light images and eliminate redundant information. In addition, most of the fusion
tasks are performed in the harsh environment of low light, and it is worth studying how to main-
tain the lighting information of the fusion results. In order to solve the problems existing, firstly,
we design a multi-level feature module to fusion multi-source information. Different from the pa-
rallel layer fusion strategy of the traditional network, we proposed a fusion strategy that com-
bined parallel layers and depth layers. Secondly, we add attention computing to the feature ex-
traction network to improve the performance of the feature extraction network. Thirdly, in order
to make the fusion image have good illumination information, we design the area illumination re-
tention module, improving the performance of the fusion algorithm in low-light environments. A
large number of experiments show that the proposed method has excellent performance and will
perform better in low-light environments. In addition, the proposed algorithm also shows great
potential in multi modal-object detection.
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Figure 1. Comparison of typical fusion results, these are the following: visible image, infrared image,
GFF, SDNet, FusionGAN, Ours
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Figure 2. MLFF module schematic, the top box indicates multi-layer in-
formation fusion, the middle box indicates the MLFF module schematic
and the bottom figure indicates multi-source information fusion
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Figure 3. Definition of shallow and deep features and their visualisation
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Figure 4. SAconv module structure diagram, where the input features are subjected to convolution and self-attention opera-
tions to obtain the enhanced features
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Figure 5. Binary classification network structure. The first 4 layers are convolutional, the convolutional
kernel size is 4, the post convolutional is ReLU activation function, GAP denotes global average pooling
and FC denotes fully connected Layer
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Table 1. Comparative analysis of eleven algorithms: mean performance metrics for six evaluation indicators on the RoadS-
cene dataset

& 1. BB 11 #MEL, RoadScene #IEE T 6 MThiEtraYMERETI1E

AG EN SF Qabf VIF M1
GFF 4.4488 7.3086 4.5608 0.3923 0.7670 3.0701
ADF 4.6268 7.0102 4.9643 0.4851 0.6951 2.7476
TIF 5.4967 7.1185 5.6856 0.4458 0.7458 2.4963
DLF 3.6297 6.8455 3.7390 0.4481 0.6836 2.8870
FusionGAN 3.3905 7.0732 3.4320 0.2579 0.5785 2.7550
PIAFusion 5.8886 7.1251 6.1980 0.4951 0.7802 3.2109
DenseFuse 3.3493 6.8242 3.3581 0.3874 0.6719 2.9224
RFN-Nest 3.3635 7.3393 3.0812 0.2982 0.7248 2.7464
SDNet 6.1086 7.3172 5.9805 0.5106 0.7703 3.2715
SuperFusion 4.4693 6.9901 4.7812 0.4502 0.7762 3.3687
SwinFusion 4.5157 7.0004 4.7743 0.4437 0.7803 3.3755
Ours 6.1476 7.3189 6.5908 0.4896 0.7824 3.5626
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Figure 6. Visual comparison of our method with the 11 algorithms on the RoadScene dataset. For a clear compar-
ison, we chose to highlight textured areas with red and green boxes
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