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Automatic recognition of fetal facial ultrasound standard plane using artificial intelligence
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Abstract: Objective To explore the value of artificial intelligence (AI) for automatically identifying and classifying fetal facial
ultrasound standard plane (FFUSP). Methods The FFUSP at 20-24 weeks gestation were taken as the research object, including

1 906 images in standard set and 4 532 images in experimental set. The images in standard set were further divided into training
set and test set for training and testing the ability of Al in recognizing and classifying nasolabial coronal plane, median sagittal

plane, ocular axial plane and non-standard plane, respectively. Taking the classification by obstetric ultrasound experts as the

standard, the differences among Al junior doctors and intermediate doctors in the recognition and classification of FFUSP in

experimental set were compared and analyzed. Results The classification accuracy of AT on each kind of planes in test set was
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higher than 97%. Intermediate doctors surpassed junior doctors in the recognition of FFUSP in experimental set (P<0.05). AI was
classification can be used as an assistant method for fetal ultrasonic standardized training and image quality control.

superior to junior doctors and intermediate doctors in the total recognition efficiency of FFUSP (P<0.05), and had a strong
consistency with the classification results obtained by experts (P<0.05). The classification efficiency of Al was significantly better
than the artificial classification by doctors (P<0.05). Conclusion Al which has a high accuracy in FFUSP identification and
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Fig.1 Process of identifying FFUSP by AI model
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Tab.1 Distribution of each kind of plane in each image set
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Tab.2 Recognition level of each kind of plane in test set by AI
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Tab.3 Recognition level of each kind of plane in experimental set by doctors and AI (=4 532)
YT WiRS WU /% FRFE % PTG % BAPETIUE/ %  HERR/ %
NCP(n=1 160) IR A A 78.5 77.3 54.3 91.3 77.6
R R 88.6 87.5 70.9 95.7 87.8
AIC 94.9 95.8 88.6 98.2 95.6
AvsB <0.001 <0.001
PIE
BvsC <0.001 <0.001
MSP(1=985) WY A 79.8 71.2 43.5 92.7 73.1
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PH
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