Supplementary Material: Al Model Architectures and Training Procedures

1) Architecture

Building on a previous scientific endeavour, in which convolutional neural network (CNN)
architectures were analyzed, we implemented a U-Net [1]:
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Figure 1 — U-Net Architecture

Illustration taken from “Multilevel comparison of deep learning models for function quantification in
cardiovascular magnetic resonance: On the redundancy of architectural variations” by Ammann et
al. [2] (DOI 10.3389/fcvm.2023.1118499)

Caption: (A) Network input and output example with corresponding shape. Legend for operational
blocks. (B) U-Net with symmetrical encoder and decoder architecture.

In general, the architecture was built to take an input image, scaled to 256x256 image
size. It incrementally downscales the input image, while extracting descriptive features,
undilthe encoding latent spaceis reached (lowest 4x4 image representation), from which
the first up-convolution is derived.

For the short-axis cine data, three segmentation masks must be solved simultaneously
for each cardiac structure (i.e. the right ventricle, the left ventricle, and its myocardium).
This leads to the three output channels in Figure 1. For T1 and T2 parametric mappingin
short-axis position, one single cardiac structure must be determined (left ventricular
myocardium), and one reference point must be determined (where the right ventricle
touches the left myocardium). This leads to one out-channel for both networks. For
reference point detection the same architecture is used, also the training and prediction
pipeline must be slightly altered.



2) Training Pipeline
The training pipeline used in this paper was builtin Ammann et al. [2] and is inspired from
the data augmentations used in NNU-Net by Isensee et al. [3]. The pipeline uses a z-score
image normalization by mean and standard deviation of the input image, followed by a
strong augmentation schedule. Other parameters are determined by default, as
described in Table 1.

Parameter Description
Optimizer Adam Optimizer (default settings in Pytorch [4])
. Combination of Dice and Cross Entropy (see below for
Loss function .
details)
Layer Batch normalization with a batch size of 8

Normalization

Depth = number of down-samplings reducing image
resolution by 2 in the encoder. The network depth is

Network Depth . . .
determined such that the image resolution of the
encoder reaches 4x4.

Image Z-score normalization is applied to each image, with

Normalization image mean and standard deviation

Rotation, scaling, translation, shearing, average
Augmentations | pooling, gaussian noise, gaussian blurring, gamma
correction, contrast enhancement

Segmentation U-Net: select the largest connected
component, removing all other (stray) pixels

Post processing | Reference point detection U-Net: select the maximal
intensity in the output mask as the reference point
position

The loss functions are customized for the segmentation task (SegU-Net) and the
reference point detection task (RefU-Net), respectively. The SegU-Net is trained to
predict a binary segmentation mask, such that the Dice and Cross Entropy can be
employed as a combined loss function. The RefU-Net on the other hand is trained to
predict a heatmap centered around the reference point. To accomplish this, the cross
entropy is neglected as it is specialized at categorical class prediction, rather than the
prediction of continuous functions. The Dice coefficient is the sole loss function.
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