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Abstract Photoacoustic imaging (PAD) is a multi-physics coupled non-invasive biomedical functional imaging technology. It com-
bines the high contrast of pure optical imaging with the high spatial resolution of ultrasonic imaging,and can obtain the morpho-
logy and functional components information of target tissues at the same time. In recent years,deep learning (DL) has been wide-
ly applied in medical image processing. The PAI imaging algorithms based on DL have attracted more and more attention of re-

searchers. This paper reviewed the current application of DL in PAI image reconstruction, summarized the existing algorithms,

analyzed their limits and forecasted the possible improvements in the future.
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