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Abstract; The basis of image stitching is to transform all thesi Q

be stitched to the same plane,and the perspective transformation

matrix describes the projection transformation from onegplan @ another. However, when the accuracy of the parameters in the perspec-

docked and ghosts will appear. This paper propoSes

atrix parameter optimization scheme of the DNA genetic algorithm ( AO method)

tive transformation matrix is low,the image stitchini effect wWilll be poor,and in the image stitching process,the common areas will not be

based on the diploid dominant mechanism. The AO

accuracy in the optimization efficiency.

trix parameters and meet the expec
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peﬁlental results show that the method adopted in this paper can better optimize the ma-
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