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Deep learning for PET image reconstruction: some current approaches

Fumio HASHIMOTO™, Andrew J. READER *

*1 Hamamatsu Photonics K.K., Japan.

*2 King’s College London, London, UK.

Deep learning has long been applied to PET image reconstruction. In this brief review, we first cover a brief history of

PET image reconstruction as well as a straightforward explanation of deep learning-based PET image reconstruction,

from the basic ideas of deep learning reconstruction to some of the most recent research developments.
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