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Using the U-Net family for EAT segmentation
and quantification in NCCT

Data collection

A subset of 154 NCCT were selected and annotated by an
experienced radiologist using the open-source medical imaging
processing software 3D Slicer. Two kinds of label maps are
obtained as shown in: (1) the region inside, (2) EAT volumes. To
reduce the workload, all the annotations are made in the axial view

Fourier shape descriptors in deep learning
for EAT segmentation in NCCT

The anatomical information of the pericardium shape/contour is the
key information to segment EAT. There are two ways to use this
information: (1) loss function, (2) physics-informed deep learning.
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Fourier shape descriptors are defined as:
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Figure 3. The 3D U-Net architecture. Blue boxes are feature maps, while grey boxes are concatenation t=0
maps. Where s(t) is a shape signature formula that representing two
Considering representativeness and diversity, we selected four dimensional areas or boundaries. Commonly used shape signatures
methods from the U-Net family: 3D U-Net, 3D attention U-Net, U- includes complex coordinates, shifted coordinates, centroid
Net++ and the recent deep attention U-Net (DAU-Net) by He et al. as distance, curvature signature, and cumulative angular function.

the EAT segmentation model. For evaluation, four-fold cross- Here, we the shifted coordinates representation as an example:
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Table 1: Cross-validation results of the selected models.
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similar structures is the thin layer of pericardium. Compared to methods
contrast CT, NCCT has much lower contrast on the coronary
structure and has a different thickness. Therefore, segmentation

and quantification of EAT in NCCT is more challenging.

EAT segmentation in NCCT
Segmentation methods

Figure 4. Visualization of segmentation results trained with pericardium masks. The first row shows
the segmentation in axial view, the second row is for the coronal view, and the third row is for the
sagittal view. In the segmentation results, the true positive is highlighted in yellow, false positive is
highlighted in green, and false negative is highlighted in blue.
Generally, compared with the model trained with epicardial fat
labels, the models trained with pericardium labels show better
results. The state-of-the-art deep learning method U-Net++
outperforms the other methods. DL-based methods have the
potential to perform better for EAT segmentation in NCCT.
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Figure 2. Overview of the review paper. published in Physics in Medicine and Biology.
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