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The SPECT (Single Photon Emission CT) image of the nuclear medicine
examination contains a lot of noise because the count number is small, and the image becomes an
image. Therefore, it is necessary to remove noise before using it for diagnosis.

This study developed a noise removal method by deep learning for myocardial blood flow SPECT images.
In this method, the network was optimized by unsupervised learning for nuclear medicine images for
which ideal (noise-free) images could not be obtained, and noise was removed. As a result, it has

become possible to remove noise while maintaining spatial resolution, compared to the conventional
Gaussian filter processing.
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