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Multi-focus image fusion method based on improved VGG network
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Abstract: In order to better retain the original image information and improve the image fusion performance,
an improved fusion algorithm combining visual geometry group(VGG) convolutional neural network with
edge pixel statistical features was proposed. Firstly, this algorithm divided the complete image into image
blocks, preprocessed the image blocks to obtain a higher image classification accuracy of 0.985 or more, and
used the improved VGG convolutional neural network to accelerate the convergence of the model. When the
image blocks were input into the network, the weight matrix of binary classification could be preliminarily
obtained. Secondly, in the high-frequency detail part, the clear blur modules of left-focus image and right-focus
image were respectively subjected to blurring processing, and the weights matrix with obvious boundaries was
obtained by the threshold segmentation based on the statistical feature between the pixel points. Finally,
combined with the two-step weight matrix, the fusion strategy of weighted sum was used to obtain the clear
focus image. In order to illustrate the effectiveness of the algorithm, the experimental part shows the objective
evaluation of its fusion subjective visual effect diagram and information entropy, which is outstanding
compared with other algorithms and can better retain the information of the original image.
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Table 1 Comparison of various algorithms in information entropy

Ok LRR MWGF DCTvarcv DSIFT CNN Our
Vegetables 7.602 2 7.599 3 7.602 8 7.5909 7.603 7 7.599 4
Tree 7.629 9 7.6343 7.6328 7.6421 7.6322 7.6355
A globe 7.688 6 7.6856 7.683 6 7.6779 7.677 4 7.689 1
The bottle 7.6176 7.628 9 7.628 3 7.6252 7.6181 7.623 5
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Table2 Comparison of various algorithms in average gradient

0AG LRR MWGF DCTvarcv DSIFT CNN Our
Vegetables 7.084 2 7.434 3 74221 7.2929 7.442 8 7.487 3
Tree 13.597 2 14.5519 14.546 14.554 14.533 4 14.589 6
A globe 8.473 3 8.8758 8.8507 8.8475 8.8659 8.884 1
The bottle 8.623 5 9.174 8 9.176 6 9.142 7 9.180 5 9.186 6
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Table3 Comparison of various algorithms in image clarity

OFd LRR MWGF DCTvarcy DSIFT CNN Our
Vegetables 7.9385 8.540 7 8.510 1 8.1231 8.5313 8.5929
Tree 16.423 7 17.691 2 17.679 6 17.660 2 17.669 17.736 9
A globe 10.428 5 10.961 4 10.973 7 10.897 5 10.956 9 10.9815
The bottle 10.156 7 10.9159 10.946 4 10.834 4 10.923 5 10.928 9
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Table 4 Comparison of various algorithms in edge information retention

OAB/F LRR MWGF DCTvarcv DSIFT CNN Our
Vegetables 0.672 4 0.694 0 0.693 4 0.7717 0.696 4 0.6970
Tree 0.678 1 0.741 6 0.742 4 0.743 0 0.741 4 0.743 7
A globe 0.687 7 0.767 6 0.7579 0.768 1 0.759 9 0.770 8

The bottle 0.693 3 0.801 6 0.793 2 0.8 0.795 6 0.803 8
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Table 5 Comparison of various algorithms in mutual information
Omn LRR MWGF DCTvarcvy DSIFT CNN Our
Vegetables 4.663 4.7287 4.756 5 4.709 6 4.770 4 4758 6
Tree 33274 5.0218 5.418 4 52156 4.5639 54018
A globe 4.967 6.277 1 6.41 6.3348 5.640 9 6.468 5
The bottle 3.956 4 5.358 5.6527 5.404 6 4.8567 5.698 2
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