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Infrared and Visible Image Fusion Based on Autoencoder Composed of
CNN-transformer
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Abstract: Image fusion model based on autoencoder network gets more attention because it does not need to design fusion
rules manually. However, most autoencoder-based fusion networks use two-stream CNNs with the same structure as the encoder,
which are unable to extract global features due to the local receptive field of convolutional operations and lack the ability to extract
unique features from infrared and visible images. A novel autoencoder-based image fusion network which consist of encoder mod-
ule, fusion module and decoder module is constructed in this paper. In the encoder module, the CNN and Transformer are combined
to capture the local and global feature of the source images simultaneously. In addition, novel contrast and gradient enhancement fea-
ture extraction blocks are designed respectively for infrared and visible images to maintain the information specific to each source
images. The feature images obtained by encoder module are concatenated by the fusion module and input to the decoder module to
obtain the fused image. Experimental results on three datasets show that the proposed network can better preserve both the clear tar-
get and detailed information of infrared and visible images respectively, and outperforms some state-of-the-art methods in both sub-
jective and objective evaluation. Meanwhile, the fused image obtained by the proposed network can acquire the highest mean aver-
age precision in the target detection which proves that image fusion is beneficial for downstream tasks.
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MI

SD

AG

PSNR

VIFF

QAB/F

MI SD AG PSNR  VIFF  Q"FF

MST SR 13.6056 9.2296 4.8200 17.2963 0.240 0 0.568 0

GTF 135599 8.4677 5.2656 20.6127 0.1546 0.4872
DenseFuse 13.6332 93504 3.5434 17.7113 02639 0.3489
U2Fusion 13.1709 8.9437 42750 17.5764 0.2354 03735
RFN-Nest 14.050 1 9.6343 3.1904 16.7863 0.2842 0.3313
DDcGAN 14.6560 9.4515 6.8695 15.0726 0.3333 0.4280
SDDGAN 13.3299 7.9004 2.0650 10.9414 0.1371 0.1196
STDFusion 14.6642 9.6321 6.1548 12.7968 0.303 1 0.633 0
SwinFusion 143104 9.6294 54706 21.3936 0.3288 0.497 1
AR 146597 10.0651 5.6859 19.1290 0.3841 0.6155
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Table 4 Mean values of objective evaluation indexes for

fused images

MI SD AG PSNR  VIFF

QBT
0.5539

MST SR

13.1824 89117 4.2354 17.0627 0.366 8

GTF 13.3528 8.6159 3.8361 18.0401 0.2312 0.4108

DenseFuse 13.5901 9.2603 3.7544 16.2051 0.4835 0.4315

U2Fusion 12.766 6 8.7479 4.0852 17.0697 0.3554 0.4247

RFN-Nest 13.7877 9.3434 29403 15.8684 0.4486 0.3252

DDcGAN 14.3032 9.2337 5.1897 14.1683 0.4311 03786

SDDGAN 12.6142 7.8569 2.0580 13.8424 0.2460 0.1392

STDFusion 13.5033 9.0049 4.7721 15.6246 03681 0.5025

SwinFusion 13.8092 9.428 8 4.6183 16.3384 0.4282 0.489 1

Our 14.001 8 9.5237 5.0698 16.2562 0.5100 0.5856
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Table 5 Target detection accuracy
mAP
AR LA 0.494
AL 0.561
MST_SR 0.773
GTF 0.725
DenseFuse 0.699
U2Fusion 0.788
RFN-Nest 0.667
DDcGAN 0.654
SDDGAN 0.606
STDFusion 0.712
SwinFusion 0.730
ARIT7 ik 0.800
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Fig. 12 Fusion image target detection results
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