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Infrared and visible image fusion guided by Taylor expansion
and composite attention

YANG Yanchun, LI Yi

(School of Electronic and Information Engineering, Lanzhou Jiaotong University, Lanzhou 730070, China)

Abstract: In order to solve the problems of ignoring the correlation between pixels in the deep learning fusion
algorithm, which leads to the loss of important global texture in the fusion results, and the difficulty of balancing
target highlight and scene enhancement, this paper proposed an infrared and visible image fusion algorithm guided
by Taylor expansion and composite attention mechanism. Firstly, a Taylor expansion network was designed to
decomposition the input image into a mapping layer and a derivative layer, so as to effectively extract the multi-level
feature information of the image. Secondly, a dual-branch feature extraction network was used, in which the
parallel convolutional network was responsible for capturing local detail features, and the SwinTransformer module
focused on extracting global context information to ensure the efficient retention of local and global features. Then,
the composite attention mechanism is introduced to further improve the accuracy of feature fusion. This mechanism
fuses spatial dimensional features through axial attention, and uses channel attention to strengthen the feature
response between channels, so as to achieve more refined feature selection and fusion. Finally, the fused image was
obtained by image reconstruction. Experiments are carried out on the public datasets MSRS and RoadScene. The
results show that the proposed method is not only more complete in maintaining texture details and global
information, but also achieves significant advantages in objective indicators. The research results can provide new
ideas for the field of deep learning image fusion.

Keywords: infrared and visible image fusion; Taylor expansion network; SwinTransformer; dual-branch feature

extraction; compound attention mechanism
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Fig.4 The fusion results of different algorithms in the MSRS dataset
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Tab.1 The average of 20 groups of fused images in the MSRS dataset

Method Fyq Gy Fy Py Sg
DenseFuse 0.023 5 2.004 3 2.662 5 0.676 7 66.677 4 0.9310
FusionGAN 0.017 7 1.520 2 2.053 8 0.500 0 64.708 6 0.8319

GANMcC 0.024 8 2.2290 2.547 1 0.6759 65.244 8 0.9159
PMGI 0.032 4 2.9352 2.170 6 0.674 6 60.299 3 0.9315
SeAFusion 0.043 6 3.575 4 4.1027 0.960 9 63.763 6 0.9755
U2Fusion 0.024 3 1.888 4 2.292 6 0.562 4 65.972 3 0.899 1
SDCFusion 0.046 0 3.844 6 3.679 0 0.971 6 63.571 7 0.9400
IMF 0.0352 2.888 4 2.9313 0.769 8 65.455 4 0.926 9
T2EA 0.0330 2.844 4 2.604 6 0.729 5 65.797 0 0.939 8
Ours 0.0525 4.580 5 2.994 4 0.9729 68.224 7 0.981 6
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Fig.5 The fusion results of different algorithms in the RoadScene dataset
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Tab.2 The average of 20 groups of fused images in the RoadScene dataset

Method Fy G, Iy Fy Py Sq
DenseFuse 0.034 6 3.439 3 3.058 1 0.651 8 62.029 7 0.879 7
FusionGAN 0.038 5 3.814 3 2.973 1 0.579 2 59.015 4 0.7519

GANMcC 0.040 1 4.277 3 2.795 3 0.723 8 59.229 8 0.862 4

PMGI 0.046 6 4.863 6 3.3294 0.773 7 59.977 9 0.901 4

SeAFusion 0.049 2 4.416 1 3.163 0 0.8320 59.646 0 0.876 3
U2Fusion 0.0352 3.743 2 2.2772 0.723 8 61.529 0 0.864 0
SDCFusion 0.071 8 7.280 3 2.680 3 0.722 6 59.883 3 0.899 7
IMF 0.043 3 4.572 9 3.009 4 0.7329 60.536 2 0.836 0
T2EA 0.0529 5.565 1 2.566 6 0.673 8 59.485 5 0.887 4
Ours 0.0752 7.420 3 3.878 0 0.862 2 60.609 3 0.888 6

2.5 HEASIIE & TR RR TR, Model2 #B% PCN f 5, AY)

AR SEHEBI (Ours) FEAT TIHALSEES , 05 WG S5 5E BARFERAE, 6, 1, 5565 B EFEIC,
FoBk TEN PCN ST LA K CA BEd 4387 T XTI HEE Model3 5 Modeld 43| B ST 15 CA fiible, ¥R 8
RIS & (Modell , Model2 , Model3  Model4 ) , W13 3 H7ENZ SRS RLA LA R, B R, .
5K 6 i, e ALZE MSRS B 4E imatE Py G, SRS P, RN REIET
BTt A TH AL RIS R BB AL JERH T Hah A28 TEN PCN ST Fl1 CA ARB X FH2 7l A % i 40 15
Yok, Modell PRI/ TEN BB EMG 4T & it SE WIS AR TR EZEEN,
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x3 HMIBEAER

Tab.3  Ablation experimental results

R TAN PCN ST CA Fyq Gy Iy Fy, Py S
Modell v Vv VvV 0.0352 3.6723 2.368 4 0.901 7 66.459 8 0.914 8
Model2 Y vV v 0.045 1 3.8455 2.528 7 0.917 6 66.7418  0.9254
Model3 % v Y 0.046 9 3.989 2 2.6359 0.954 8 66.5882  0.8997
Model4 % v 2 0.047 6 3.865 1 2.954 8 0.971 3 68.015 7 0.9716

Ours vV v vV VvV 0.052 5 4.580 5 2.994 4 0.9729 68.224 7 0.9816

(a) IR (c) Modell

(d) Model2

(e) Model3 (f) Model4 (g)Ours

Bl 6 MSRS HTEEHMIWHER
Fig.6  Ablation experiment results of the MSRS dataset
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Tab.4 Parameter quantity and average running time

Method Params/M Time/s
MSRS RoadScene
DenseFuse 0.0759 0.035 4 0.0215
FusionGAN 0.9256 1.893 4 1.265 4
GANMcC 1.865 6 2.364 7 1.935 1
PMGI 0.651 8 0.579 3 0.268 7
SeAFusion 0.167 7 0.167 9 0.043 4
U2Fusion 0.653 8 1.617 9 0.8279
SDCFusion 0.565 4 0.196 7 0.056 4
IMF 0.736 3 0.0151 0.0152
T2EA 0.296 4 0.546 6 0.154 6
Ours 0.449 4 0.025 4 0.0250
3 4 #
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