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Architecture of the dual-stage network
The VI sub-network
The VI sub-network takes a single cine image as the input, and outputs a number at each voxel, which is valued near 1 if the voxel is in a dark band, near 0 if in a flow artifact, and near 0.5 if artifact-free. The VI sub-network uses U-Net as its backbone. Fig. 1A shows a schematic of the architecture. The U-Net architecture consists of four levels, each with two consecutive blocks in each limb and a skip connection between the two limbs. Each block includes a 3×3×3 three-dimensional convolution layer with a stride of 1 and a padding of 1, followed by a group normalization layer (the number of groups is 32) [1], and a ReLU activation function. Max-pooling is performed after each of the first 3 blocks in the encoding limb with a kernel size and stride of 1×2×2 (temporal×height×width). Max-unpooling is performed after each of the first 3 blocks in the decoding limb with the same kernel size and stride. The output layer consists of a 1×1×1 three-dimensional convolution layer followed by a sigmoid layer. The number of channels per layer is labeled in Fig. 1A. 

The AS sub-network
The AS sub-network has two channels in the input layer. The first channel is fed with the original cine movie. The second channel is fed with the VI map generated by the VI sub-network. The AS sub-network simultaneously reduces banding artifacts and flow artifacts. The U-Net architecture of the AS sub-network is the same as the U-Net architecture of the VI sub-network, except for the output layer, which only includes a 1×1×1 three-dimensional convolution layer.

Training details
All cine images were interpolated, cropped, and normalized to enforce a uniform resolution of 1.5mm×1.5mm, image size of 192×192, and dynamic range of [0, 1]. Rigid image registration was performed between cine images of different center frequencies to correct potential motion between different breath-holds. Data augmentation was performed with two-dimensional image rotations, image translations, flipping, and elastic transforms [2]. The loss function for both VI and AS sub-networks was a linear combination of mean squared error and the perceptual loss [3,4]. The coefficients of this linear combination were manually optimized. Training was performed with ADAM with a learning rate of 0.0001. The batch size was 1. The network was implemented with PyTorch (version 1.11.0). Training was performed over 700 epochs for both sub-networks on a server equipped with a GPU (Tesla A100, NVIDIA, California, USA).

Evaluation details
For comparison of the proposed method with FPC, only the cine movies with a frequency offset of 82.5Hz were evaluated, as this frequency represents the usual level of frequency offsets encounterable during a practical scan. For evaluation of the partial interpretability, the analysis was performed in both end-diastolic and end-systolic phases for the frequency offset of 82.5Hz after removal of the background voxels. For evaluation of generalizability, 10 cine movies in each of the 6 groups were randomly chosen, generating a total dataset of 60 movies. The movies from healthy subjects had a frequency offset of 55 Hz, while those from patients had a 0Hz offset, since they were collected retrospectively. For the clinical evaluation, there were 48 patients whose cine movies received qualitative evaluation. Among the 48 patients, 16 were evaluated based on their short-axis movies, 16 based on their two-chamber movies, and 16 based on their four-chamber movies after randomization. For evaluation of banding artifact suppression, flow artifact suppression, and overall image quality, the scores from the 3 clinicians were averaged before the final assessment. For evaluation of the partial interpretability, the minimal score of the 3 clinicians was used for the final assessment; that is, the final score was 2 only when all 3 readers scored 2. For quantification of the LVEF, the software SEGMENT [5] was used without any manual intervention.
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