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Midway Histogram Equalization
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[ Abstract] To solve the problem of ghosting in multi-exposure fusion images indynamic scenes, this study proposes a
dynamic multi-exposure image fusion algorithm with midway histogram equalization.First, Midway Image Equalization
(MIE) is introduced to process the histograms of the input dnd referenee images, the obtained image pairs are
differentiated, and the difference image is subjected to thresholdssegmentation and morphological optimization to obtain
a motion weight map. Midway histogram equalization can, assign the same histogram to a pair of images while
maintaining its gray dynamics as much as possible. Therefore, the brightness difference of a multi-exposure image pair
can be adjusted, which is conducive to the accuracy of motion area detection.Second, an Intensity Mapping Function
(IMF) is introduced to map the reference image to'thetbrightness of each input image, and the motion area of the input
image is replaced with a part of the referencé image to obtain an image sequence with a natural brightness transition.
Finally, the static image sequence is fusedyto obtain the final fused image. Experiments demonstrate that the algorithm
can effectively avoid ghosting and obtain)high-dynamic range images with rich details and good visual effects. In
addition, images fused using this methodyhave obvious advantages over the DGF and FMSD algorithms concerning
standard deviation, edge strength, correlation coefficient,and dynamic scene structure.
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Fig.1 Motion region detection results after histogram processing
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Fig.2 Procedure of MIE motion region detection
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Fig.4 Procedure of static multi-exposure images
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Fig.5 Fusion results of different algorithms for YWFusion image sequences
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Fig.6 Drawing of partial enlargement in of YW Fusion image sequence fusion results
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Fig.9 Fusion results of different algorithms for Tate3 image sequences
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Fig.10 Drawing of partial enlargement in of Tate3 image sequence fusion results
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Table 1 SD index comparison

i AF{% DDHR FMMR DGF FMSD PMF Oursl Ours2

YWFusion 43.854 38.371 63.464 58.054 49.168 55.980 57.157
Campus 47.880 37.642 63.766 62.844 47.452 62.914 60.705
Tate3 69.271 58.039 75.781 75.224 62.894 72.708 72.564

*2 EI¥EHRxTEHE

Table 2 EI index comparison

W A% DDHR FMMR DGF FMSD PMF Oursl Ours2

YWFusion 27.487 58.443 60.180 55.329 49.980 53.576 68.214
Campus  28.806 59.058 59.907 59.807 54.624 61.201 (71.887
Tate3 36.506 76.817 65.997 69.265 60.526 88.866 88.317

&3 CooriEtRXTEL

Table 3 Coor index comparison

HiAK1 DDHR FMMR DGF FMSD \ PME»Oursl Ours2

YWFusion 0.871 0.838 0.920 '0.879, 0.821 0.924 0.924
Campus 0.923 0.833 0.903,0.878 0.777 0914 0917
Tate3 0.921 0.878 0965 0.877 0.867 0.935 0.907

%4 SSIM-dI5HRXTEE
Table 4 SSIM-d index comparison

i AE{% DDHR FMMR DGF FMSD PMF Oursl Ours2

YWFusion 0.349  0.851 0.840 0.280 0.914 0.301 0.978
Campus 0.451 0.359 0.802 0.331 0.941 0.345 0.965

Tate3 0.258  0.819 0.891 0.215 0.906 0.949 0.960
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