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[ Abstract | Objective To explore the feasibility and accuracy of deep learning in automatic identification of
standard views of pediatric echocardiography. Methods A total of 4 035 pediatric echocardiography images from the
picture archiving and communication system database of Shanghai Children’s Medical Center, Shanghai Jiao Tong University
School of Medicine, which were collected from Sep. to Oct. 2022, were selected and randomly divided into training set
(2 421 images), validation set (807 images), and testing set (807 images) in a ratio of 6 : 2 : 2. A lightweight and efficient
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deep learning model was developed by improving DenseNet to achieve automatic identification of 15 standard views of
pediatric echocardiography, and was compared with 3 commonly used deep learning models, including DenseNet121,
InceptionV3, and MobileNetV3. With manual annotation results as the gold standard, the identification performance of deep
learning models was evaluated using accuracy, precision, specificity, recall, and F1 score. The efficiency of the identification
model was evaluated using 3 indicators: the number of parameters, model size, and floating-point operations. The
identification results of the model were displayed using a confusion matrix, and the model’s concerns to image features were
reflected using a heatmap. Results The average F1 scores of DenseNet121, InceptionV3, MobileNetV3, and the proposed
model for identifying 15 standard and non-standard views of pediatric echocardiography were 94.59%, 95.13%, 92.41%, and
94.73%, the numbers of parameters were 7.0 X 10°, 24.4X 10°, 4.2 10°, and 1.8 X 10°, the model sizes were 13.941, 48.777,
8.445, and 3.588 MB, and the floating-point operations were 11.16X 10°, 12.89 X 10°, 0.86 X 10, and 3.05 X 10°, respectively.
The confusion matrix and heatmap showed that the proposed model had a higher recognition rate for 15 standard and non-
standard views of pediatric echocardiography than DenseNet121, InceptionV3 and MobileNetV3, and was able to focus on the
key feature areas in the ultrasonic views. Conclusion The deep learning model proposed in this study can accurately identify

standard cardiac ultrasound views in children; moreover, the model has a small number of parameters and can be operated

with high efficiency.
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Fig 1 Fifteen pediatric heart ultrasound standard views

A: Transverse section of subxiphoid inferior vena cava and descending aorta; B: Long-axis view of subxiphoid inferior vena cava;

C: Subxiphoid 4-chamber view; D: Subxiphoid 5-chamber view; E: Subxiphoid sagittal view of atrium septum; F: Subxiphoid short-

axis view through right ventricular outflow tract; G: Apical 4-chamber view; H: Apical 5-chamber view; I: Low parasternal 4-chamber

view; J: Low parasternal 5-chamber view; K: Parasternal view of pulmonary artery; L: Parasternal short-axis view of large artery;

M: Parasternal short-axis view of left ventricle (at the level of the mitral valve); N: Parasternal long-axis view of left ventricle; O:

Suprasternal long-axis view of entire aortic arch.
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Fig 2 Overall network framework of the proposed deep learning model in this study for pediatric echocardiography views
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Tab1 Performance of DenseNet121, InceptionV3 and MobileNetV3 for identification of pediatric echocardiographic views

%

Model Accuracy Precision Specificity Recall F1 score
DenseNet121 99.24 94.05 99.58 95.37 94.59
InceptionV3 99.28 95.16 99.60 95.23 95.13
MobileNetV3 99.02 92.58 99.46 92.66 92.41
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Tab 2 Performance of the proposed deep learning model in this study for identification of pediatric echocardiographic views

%

Recognition Accuracy Precision Specificity Recall F1 score
subIVCDAo 99.87 98.59 99.86 99.99 99.29
subIVC 98.88 70.96 98.85 99.99 83.01
sub4C 99.87 99.99 99.99 96.66 98.30
sub5C 99.87 97.22 99.87 99.99 98.59
subSAS 99.75 97.99 99.71 99.99 98.98
subRVOT 99.99 99.99 99.99 99.99 99.99
A4C 99.62 93.87 99.60 99.99 96.84
AsC 99.99 99.99 99.99 99.99 99.99
LPS4C 99.00 92.40 99.18 97.33 94.80
LPS5C 99.38 95.65 99.87 84.61 89.79
PSPA 99.13 89.47 99.20 98.07 93.57
PSAX 98.76 87.80 99.34 87.80 87.80
sax-mid 99.99 99.99 99.99 99.99 99.99
PSLV 99.50 94.73 99.73 94.73 94.73
supAO 99.50 96.96 99.87 91.42 94.11
Others 95.41 92.56 98.65 79.99 85.82
Average 99.28 94.26 99.61 95.66 94.73

subIVCDAo: Transverse section of subxiphoid inferior vena cava and descending aorta; subIVC: Long-axis view of subxiphoid

inferior vena cava; sub4C: Subxiphoid 4-chamber view; sub5C: Subxiphoid 5-chamber view; subSAS: Subxiphoid sagittal view of

atrium septum; subRVOT: Subxiphoid short-axis view through right ventricular outflow tract; A4C: Apical 4-chamber view; A5C:

Apical 5-chamber view; LPS4C: Low parasternal 4-chamber view; LPS5C: Low parasternal 5-chamber view; PSPA: Parasternal view

of pulmonary artery; PSAX: Parasternal short-axis view of large artery; sax-mid: Parasternal short-axis view of left ventricle (at the

level of the mitral valve); PSLV: Parasternal long-axis view of left ventricle; supAQO: Suprasternal long-axis view of entire aortic arch.
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Tab 3 Operational efficiency of DenseNet121, InceptionV3, MobileNetV3 and the proposed deep learning model in

this study for identification of pediatric echocardiographic views

Model Parameter (X 10°) Size/MB Floating-point operation (X 10%)
DenseNet121 7.0 13.941 11.16
InceptionV3 24.4 48.777 12.89
MobileNetV3 4.2 8.445 0.86
Proposed model 1.8 3.588 3.05
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Fig3 Confusion matrix diagram of performance of 4 models for identifying views of pediatric echocardiography
A: DenseNet121; B: InceptionV3; C: MobileNetV3; D: The proposed deep learning model in this study. LPS5C: Low parasternal
5-chamber view; PSPA: Parasternal view of pulmonary artery; PSAX: Parasternal short-axis view of large artery; sax-mid: Parasternal
short-axis view of left ventricle (at the level of the mitral valve); PSLV: Parasternal long-axis view of left ventricle; supAO:
Suprasternal long-axis view of entire aortic arch; sublVCDAo: Transverse section of subxiphoid inferior vena cava and descending
aorta; subIVC: Long axis view of subxiphoid inferior vena cava; sub4C: Subxiphoid 4-chamber view; sub5C: Subxiphoid 5-chamber
view; subSAS: Subxiphoid sagittal view of atrium septum; subRVOT: Subxiphoid short-axis view through right ventricular outflow

tract; A4C: Apical 4-chamber view; ASC: Apical 5-chamber view; LPS4C: Low parasternal 4-chamber view.
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Fig 4 Heatmap of the proposed deep learning model in this study for regional concerns in 3 pediatric echocardiography standard views

A: Subxiphoid short-axis view through right ventricular outflow tract; B: Apical 5-chamber view; C: Parasternal short-axis view of

left ventricle (at the level of the mitral valve).
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