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An intelligent detection method of key frame in echocardiography

DU Yue',SHI Zhongqing®, QI Zhanru®, ZENG Ziyang’, GUO Guanjun®, YAO Jing’, LUO Shouhua®’, GU Ning"*
'School of Biomedical Engineering and Informatics, Nanjing Medical University , Nanjing 2111665 *Department of
Ultrasound , Affiliated Drum Tower Hospital, Medical School, Nanjing University, Nanjing 210008; 'School of

Biological Sciences and Medical Engineering, Southeast University, Nanjing 2100963 *Medical School of Nanjing
University , Nanjing 210093, China

[Abstract] Objective: To explore the feasibility of using ResNet+VST model based on deep learning (DL )for intelligent detection of
key frames in echocardiography. Methods: A total of 663 dynamic images including apical two chambers (A2C) , apical three chambers
(A3C),and apical four chambers (A4C) , which are commonly used clinical examination views, were collected from the Department of
Ultrasound Medicine at Drum Tower Hospital, Nanjing University Medical School. Additionally, 280 dynamic A4C images from the
EchoNet - Dynamic public dataset were selected. Two datasets were established : the Nanjing Drum Tower Hospital dataset and the
EchoNet-Dynamic-Tiny dataset. The images in each category were divided into training set and testing sets in a 4: 1 ratio. The ResNet+
VST model was trained and its performance was compared with other key frame detection models to verify the its superiority. Results:
The ResNet+VST model can detect the end - diastolic (ED) and end -systolic (ES) image frames of the heart more accurately. On the
Nanjing Drum Tower Hospital dataset, the model achieved ED frame prediction differences of 1.52+1.09,1.62+1.43,and 1.27+1.17 for
A2C,A3C,and A4C views, respectively, and ES frame prediction differences of 1.56+1.16,1.62+1.43,and 1.45+1.38, respectively. On
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the EchoNet-Dynamic-Tiny dataset, the model achieved an ED frame prediction difference of 1.62+1.26 and an ES frame prediction
difference of 1.71 = 1.18, outperforming existing related studies. Furthermore, the ResNet + VST model exhibited good real - time
performance, with average inference times of 21 ms and 10 ms for 16-frame ultrasound sequences on the Nanjing Drum Tower Hospital
dataset and the EchoNet-Dynamic-Tiny dataset, respectively, using the GTX 3090Ti GPU. This performance was superior to related
studies that used long short-term memory (LSTM ) for temporal modeling and met the requirements for clinical real-time processing.
Conclusion: The proposed ResNet+ VST model demonstrates superior accuracy and real -time performance in the detection of key

frames in echocardiography compared to existing research. In principle, this model can be applied to any ultrasound view and has the

potential to assist ultrasound physicians in improving diagnostic efficiency.

[Key words | echocardiography ; key frame ; deep learning
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Table 1 Configuration of experimental environment

Configuration Computer
System Windows 10
Programming language Python 3.8
DL framework Pytorch-GPU 1.10
CPU Intel(R) Core(TM) i5-12600KF
GPU NVIDIA GeForce ® GTX 3090Ti
RAM 32GB 3200MHz
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Table 2 Detection rate of cardiac cycle and average frame difference of key frame detection in three types of view models

Cardiac cycle AFD(x % s)
Viewtypes  Test videos Predicted number True number Detection rate(%) ED ES
A2C 50 106.0 107.0 99.06 1.52 = 1.09 1.56 = 1.16
A3C 27 45.0 45.0 100.00 1.62 +1.43 1.63 £ 1.25
A4C 56 114.0 116.5 97.85 1.27 £ 1.17 1.45 + 1.38
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Figure 7 Comparison of consistency between ED and ES model prediction and label

Frame No 12 13 14 37 38 39

B

Frame No

A : Model prediction of A2C views and examples of true labels. B: Model prediction of A3C views and examples of true labels. C: Model prediction
of A4C views and examples of true labels. ED \ES: true label; ED . ES :model prediction
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Figure 8 Examples of video frames corresponding to the detection results of key frames of ResNet+VST model and labels
on A2C,A3C and A4C views
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Table 3 Comparison of detection error and inferencing time of ED and ES frames of different models on A4C view of Nan-

jing Drum Tower Hospital dataset (x+s)
Model
Performance A B C F P
AFD(ED) 1.270 + 1.170™ 1.810 + 1.690° 1.900 + 1.880 5.535 0.004
AFD(ES) 1.450 £ 1.380™ 1.920 + 1.850° 1.650 = 1.560 3.591 0.028
Inference time(s) 0.021 = 0.002" 0.157 = 0.009" 0.136 = 0.005 >100.000 <0.001

A:ResNet+VST model. B:3D CNN+LSTM model. C: ResNet+LSTM model. Compared with B, P < 0.05; Compared with C,"P < 0.05.
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Figure 9 Example of video frames corresponding to the keyframe detection results of the EchoNet-Dynamic-Tiny dataset
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Table 4 Comparison of detection error and inferencing time of ED and ES frames of different models on A4C view of Echo-

Net-Dynamic-Tiny dataset

(x+s)

Model
Performance A C F P
AFD(ED) 1.620 = 1.260™ 1.770 £ 1.470* 1.830 + 1.680 2.892 0.037
AFD(ES) 1.710 = 1.180™ 1.980 + 1.660" 1.810 + 1.750 3.026 0.032
Inference time(s) 0.010 £ 0.001™ 0.141 + 0.003* 0.120 + 0.001 >100 <0.001

A:ResNet+VST model. B:3D CNN+LSTM model. C: ResNet+L.STM model. Compared with B, P < 0.05 ; Compared with C,*P < 0.05.
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Figure 10 Example of abnormal prediction by ResNet+VST model
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