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Intelligent recognition of prenatal ultrasound standard sections
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[Abstract] Objective To observe the value of intelligent recognition of 21 prenatal ultrasound standard sections based on
VMamba model. Methods Totally 9 099 standard sections met requirements of prenatal ultrasound screening guidelines
were retrospectively enrolled and divided into training set, test set and validation set at a ratio of 7:1:2., VMamba model
was constructed to identify 21 standard sections of prenatal ultrasound. and its recognition performance was compared with
other advanced deep learning models including ResNet-50, Swin-Transformer, ConvNeXtV2, RepViT and MSPANet.
Then gradient-weighted class activation mapping (Grad-CAM) feature heat map and t-SNE classification effect diagram
were combined to screen the best classification model. Results VMamba model had the highest sensitivity, specificity,
accuracy, precision, area under the receiver operating characteristic curve ( AUC) and F1 score for automatically
recognizing standard sections of prenatal ultrasound, which was 94.54% ., 99.72%, 94.42%, 94.57%, 0. 997 and 0. 944,
respectively. Except for the transventricular view (TV), left ventricular outflow tract view (LVOT), ulna and radius
coronal view (UR) and tibia and fibula coronal view (TF), high-response regions of the features showed in the other
standard sections were highly coincident with the key anatomical structures. VMamba model exhibited strong intra-class
aggregation and inter-class separability in two-dimensional space of features. Conclusion VMamba model performed
outstandingly in intelligent recognition of 21 standard sections of prenatal ultrasound, which was potential for clinical
application and transformation.
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