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Simulated CMR images can improve the performance and generalization capability of deep learning-based segmentation algorithms
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INTRODUCTION

The generalization capability of deep DL-based segmentation algorithms across different sites and vendors, as well as MRI data with high variance in contrast, is limited2. In this work, we explore
the benefits of adding a highly heterogeneous simulated MRI dataset into the training procedure of the neural network for the task of cardiovascular MR ventricular cavity segmentation.
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Figure 2: A 2D U-Net training strategy. All data is normalized to zero mean and unité
standard deviation and resampled to a voxel spacing of 1.5 mm3. Data augmentation is
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