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Tab.1 Objective evaluation index of each fusion algorithm in Figure 3

il Std Avg oM MI SF i 1Al /s
CT-SML 41.184 9 0.011 2 0.678 3 6.708 6 8.084 0 43.177 4
NSCT-PCNN 40.614 3 0.0110 0.677 5 7.494 8 7.909 1 925.464 7
ST-PCNN 40.387 0 0.011 1 0.690 0 6.792 7 8.020 2 3 658.504 7
CST-GF 40.859 5 0.010 9 0.687 5 7.892 5 8.084 2 216. 255 0
CNN 40. 460 2 0.011 1 0.724 4 8.3025 8.203 7 784.127 5
A3 97 40. 860 2 0.011 2 0.730 6 8.580 8 8.405 7 984.127 5
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Tab.2 Objective evaluation index of each fusion algorithm in Figure 4

A s v Std Avg oM MI SF Hif ] /s
CT-SML 56.74 0. 026 0.794 5.35 18. 85 43.48
NSCT-PCNN 56.31 0.026 0.79%4 5.32 18.79 927.49
ST-PCNN 56. 07 0.026 0.787 4.74 18.73 166. 90
CST-GFF 54.86 0. 026 0.779 5.04 18. 44 3 602. 31
CNN 56. 87 0.026 0.798 5.42 18. 85 204. 66
RT3k 56. 88 0. 026 0.799 5.57 18. 86 216. 66
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Multi-focus Image Fusion Based on CNN in Non-sampled Shearlet Domain

LIU Shuaiqi"*, WANG Jie""*, AN Yanling"?, LI Zigi""*, HU Shaohai’, WANG Wenfeng®

(1.College of Electronic and Information Engineering, Hebei University, Baoding 071000, China;2.Machine Vision Engineering
Research Center of Hebei Province, Baoding 071000, China;3.Institute of Information Science, Beijing Jiaotong University, Bei-
jing 100044, China;4.Digital Image Processing Laboratory, Xinjiang Institute of Ecology and Geography, Chinese Academy of
Sciences, Urumqi 830011, China)

Abstract. In this paper, a new multi-focus image fusion algorithm was proposed based on convolution neural
network (CNN) in non-subsampled Shearlet ( NSST) domain by using the advantages of time-frequency of
NSST. Firstly, the source image was decomposed by NSST. Secondly, the fusion strategy based on the convo-
lution neural network was applied to the low frequency coefficients of the decomposition. Then, the improved
weighted sum of Laplace energy (IWSML) based on the guided filtering ( GF) were carried out to the high-
frequency coefficients of the decomposition. Finally, the fused image could be gotten by inverse NSST trans-
form. Experimental results showed that the fusion algorithm could not only achieve better visual effects, but al-
so improve its objective evaluation index.

Key words: image fusion; multi-focus image fusion; NSST; CNN; guided filtering



