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and morphological component analysis
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[ Abstract] In order to solve the shortcomings of image information shadow distortion in the process of image fusion, an image
fusion method based on convolution sparse representation ( convolutional sparse representation, CSR) and morphological component
analysis ( morphological component analysis, MCA) is proposed. Based on the advantages of convolution sparse representation, the
morphological component analysis model is improved to form a new model of CSR-MCA, which can realize the multi—component
and global sparse representation of the source image at the same time. The pre-learning CSR-MCA model is used to obtain the
smoothing of the source image and the sparse representation of the detail components, and then different fusion rules are used to fuse
each image component, and the corresponding dictionary is used to superimpose and reconstruct the fusion component to obtain the
final fusion image. The experimental results show that compared with the traditional image fusion method, the proposed method can
keep the image information subjectively and reduce the generation of double shadow and distortion, and it is superior in the standard
deviation, mutual information, entropy, average gradient, spatial frequency.
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Fig. 1 CSR-MCA fusion process
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Fig. 2 Fusion effect diagram of "laboratory"
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Tab. 1 Comparison of the fusion performance of the '"laboratory"

image
ik SD MI EN AG SF
SR 46.79 5.22 7.02 4.14 12.78
ASR 47.40 5.38 7.08 4.35 12.52
CSR 47.67 5.35 7.14 4.52 12.56
MST-SR 47.17 5.52 7.34 4.26 12.69
A7k 47.75 5.78 7.78 4.29 13.04
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Tab. 2 Comparison of the fusion performance of the "clock' image

J7i: SD MI EN AG SF
SR 50.71 5.57 7.31 6.36 15.98
ASR 50.68 5.89 7.32 6.44 15.77
CSR 51.05 5.88 7.32 6.34 15.85
MST-SR 50.72 5.94 7.42 6.49 15.98

AR 51.19 6.30 7.64 6.73 16.37
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Tab. 3 Comparison of the fusion performance of the '"bush'' image

Jrik SD MI EN AG SF
SR 34.48 3.95 6.61 8.59 19.60
ASR 38.54 4.34 6.53 8.82 21.80
CSR 41.97 4.56 6.71 9.13 21.00
MST-SR 38.34 4.55 6.59 9.18 20.91

ARICTTIS: 42.49 4.70 6.84 9.95 22.21
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