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Multi-focus Image Fusion Algorithm Based on Super Pixel
Level Convolutional Neural Network
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Abstract: This paper proposes a multi-focus image fusion algorithm based on super pixel-level Convolutional
Neural Network (sp-CNN). In this method, multi-scale super pixel segmentation is firstly applied to the source
image to obtain the super pixels. Secondly, the sp-CNN is proposed to acquire the initial decision maps.
Thirdly, according to the similarities and differences of the multiple initial decision maps, the uncertain region
is reclassified by spatial frequency to obtain the phase decision map. At last, the final decision map is achieved
to fuse the source images by post-processing the phase decision graph with morphology. Experimental results
show that the proposed method achieves the goal of reducing time complexity and attains better fusion effect
compared with the state-of-the-art fusion methods which utilize overlapping blocks.
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PSNR SSIM RMSE GS
DCT+C+V  26.15017  0.88263  0.01457  0.98793
DSIFT 28.09234  0.90525  0.01552  0.98890
GF 28.10849  0.90569  0.01534  0.98894
M 27.89434  0.90344  0.01527  0.98885
PCNN 27.66842  0.90257  0.01458  0.98872
p-CNN 28.09490  0.90537  0.01551  0.98890
AT 28.10925  0.90571  0.01532  0.98893
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