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Research Progress of Infrared and Visible Image Fusion Algorithms

WEI Qi'"? and ZHAO Juan'
1 Shenzhen Institute of Advanced Technology,Chinese Academy of Sciences,Shenzhen, Guangdong 518055, China

2 University of Chinese Academy of Sciences,Beijing 100039, China

Abstract Infrared images are easy to identify thermal targets,and visible images have rich texture information. The fusion of in-
frared and visible images takes the advantages of both optical bands which can clearly show the targets and background. It has
been widely used in many fields such as military reconnaissance,security monitoring,remote sensing measurement,and becomes a
key research direction in the field of image fusion. In recent years,infrared and visible image fusion algorithms have attracted the
attention of researchers around the world and have been studied abundantly. In this paper,the image fusion algorithms are intro-
duced firstly,including traditional image processing methods of multi-scale transformation, sparse representation, and deep lear-
ning algorithms based on CNN,GAN, AE. Then, the evaluation methods of fusion images are summarized,and a variety of com-
mon objective evaluation indexes are classified. After that, comparative experiments are carried out to subjectively evaluate and
quantitatively analyze the advantages and disadvantages of these algorithms. Finally, the development trend of infrared and visible
image fusion methods is prospected.

Keywords Image fusion,Infrared image, Visible image. Neural network, Evaluation metric
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Fig. 1 Infrared and visible image fusion framework based on

multi-scale transformation
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Fig. 2 Infrared and visible image fusion framework based on

sparse representation
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based on auto-encoder network
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Table 3 Average running time of 10 fusion algorithms

Method Time/s
LP 0.051
NSCT_SR 7.430
GFF 0.505

JSR 128.401
CNN 40. 461
ResNet 2.532
IFCNN 0.039
fusionGAN 0. 041
denseFuse 0. 760
rfnNest 1.035
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GPU L A7 B it il oA % Oy 78 CPU iz
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