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ABSTRACT

The purpose of this paper is to improve
ultrasound images using motion estimation and
recursive filtering. Although averaging without
motion correction can make image blurring, the
proposed estimation method improves image SNR
without motion blurring by recursively averaging
images with motion correction. Computer
simulation on the proposed method has been
performed to improve phantom and ultrasound fish
images and the results show the utility of the

proposed method.
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