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Research progresses of deep learning applicated in
prenatal ultrasonic section analysis

GAO Yunyue, FU Lin" , WANG Zongmin
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Mongolia Medical University, Hohhot 010050, China)

[Abstract] Ultrasound has become the optimal imaging method for prenatal screening, whereas the operator dependence
and high imaging variability may affect the accuracy of results and examination efficiency. Applied in segmentation and
recognition tasks in images, deep learning (DL) is able to derive higher-level features from lower-level features, accurately
characterize the inherent laws or information features of raw data. The research progresses of DL applicated in prenatal
ultrasonic section analysis were reviewed in this article.
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