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Background, Motivation and Objective  

Segmentation of cardiac structures in echocardiography, including the endocardial and epicardial 

contours of the left ventricle (LV), has been the subject of much research for years. To date, only one 

algorithm, CLAS, managed to achieve performance comparable to intra-observer variability by using a 

nontrivial loss function. Recently, nnUNet, a powerful segmentation framework, has been introduced. 

It is capable of adapting to multiple medical datasets without manual tuning. Hence, we carried out an 

extensive study of nnUNet to investigate whether a simple U-Net architecture could have equivalent 

segmentation performance to intra-observer variability. 

 

Statement of Contribution/Methods  

We proposed four models that were trained on the largest echocardiographic open dataset (CAMUS) by 

successively adding the core elements of nnUNet (53M parameters) into a simple U-Net (Model #1): 

deep supervision (Model #2), data augmentation in training (Model #3), data augmentation in inference 

(DAiI), and patch-wise approach (Model #4). To boost the generalization ability of the models, we used 

a specific optimization scheme: a small batch size of 2, and a reduced number of iterations of 250 per 

epoch. The geometrical metrics used were the Hausdorff (HD) and average symmetric surface (ASSD) 

distances. Correlations (Corr) and mean absolute errors (MAE) of the estimated end-diastole and end-

systole volumes, and ejection fraction were computed for clinical evaluation. Model #3 and #4 were 

evaluated twice, with and without DAiI. 

 

Results/Discussion  

Regarding segmentation performance (2nd column of the Table), starting with Model #3 + DAiI, the 

models outperformed CLAS and intra-observer variability significantly (𝑝 < 0.05). Consistent with the 

clinical scores, the estimated volumes were highly correlated with the ground truths (𝑟 > 0.97), 

although they were less accurate than CLAS for estimating the ejection fraction due to lack of temporal 

consistency. Our study shows that the data augmentation in both training and inference, combined with 

a well-matched optimization scheme, is the key to reaching intra-observer variability. As a result, a 

simple U-Net architecture (7M parameters) can produce high-quality segmentation and accurate volume 

estimation.  

 


