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Abstract

Epicardial adipose tissue (EAT) is the fat depot between the myocardium and the visceral pericardium, and
its volume is an established marker of cardiometabolic risk. Measuring it on cardiac computed tomography
(CT) requires manual slice-by-slice outlining, which is slow and varies between observers. This paper presents
EAT Deep Segmentation, a deep learning framework for automated segmentation and quantification of EAT
from cardiac CT images. The framework converts CT volumes and expert labels into paired two-dimensional
slices, trains a U-Net encoder-decoder with skip connections to predict a pixel-wise EAT probability map,
converts the map into a binary mask, and computes the EAT area from the mask and the pixel spacing. The
model was implemented in TensorFlow and evaluated on a public EAT CT dataset, using 96 slices from 12
patients in a first experiment. Performance was measured with the Dice coefficient, intersection over union
(loU), precision and recall. The first training run gave a Dice coefficient of 0.277, an IoU of 0.172, a precision
of 0.178 and a recall of 0.779. The high recall and low precision show that the network finds most EAT pixels
but over-segments, which is expected with a small cohort and strong class imbalance. The work provides a
reproducible baseline pipeline, and the analysis identifies larger patient cohorts, imbalance-aware loss
functions and restriction to the pericardial region as the next steps toward clinically useful accuracy.
Keywords: Cardiac CT; Deep learning, Epicardial adipose tissue;, Medical image segmentation, U-Net

1. Introduction

Epicardial adipose tissue (EAT) is the visceral fat
depot located between the myocardium and the
visceral layer of the pericardium. It shares its
microcirculation with the myocardium and behaves
as an active endocrine and paracrine organ, so
changes in its volume are linked to coronary artery
disease and metabolic risk (Iacobellis et al., 2005;
Tacobellis, 2015). Population studies associate
greater pericardial and epicardial fat with
cardiovascular disease burden and incident
myocardial infarction (Mahabadi et al., 2009,
2013). Cardiac computed tomography (CT)
displays EAT as fat-density voxels, typically
within a window of about —190 to —30 Hounsfield
units (HU), inside the pericardial sac. Quantifying
EAT therefore requires the fat inside the
pericardium to be outlined slice by slice. Manual
outlining is time consuming and depends on the
observer, which limits its use in routine practice
and in large studies. Early automated methods

reduced this effort (Dey et al., 2008), and deep
networks have since been used to quantify
epicardial and thoracic fat from non-contrast CT
(Commandeur et al., 2018). Segmenting EAT is
difficult for three reasons. EAT forms a thin and
irregular layer; its intensity is almost identical to
that of adjacent paracardial fat; and it covers only a
small fraction of each slice, so the foreground and
background classes are strongly imbalanced. This
paper presents EAT Deep Segmentation, an end-to-
end pipeline that segments and quantifies EAT
from cardiac CT images using a U-Net
(Ronneberger et al., 2015).

1.1.Related work

Clinical reviews describe the local and systemic
effects of EAT (Iacobellis, 2015) and its
assessment by echocardiography (Iacobellis &
Willens, 2009). On the algorithmic side, fully
convolutional networks introduced end-to-end
pixel-wise prediction (Shelhamer et al., 2017), and
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U-Net added skip connections that work well with
limited annotated data (Ronneberger et al., 2015).
Extensions include 3D U-Net for volumetric data
(Cigek et al., 2016), V-Net with a Dice-based
objective (Milletari et al., 2016) and the self-
configuring nnU-Net (Isensee et al., 2021). A
survey of these methods in medical image analysis
is given by Litjens et al. (2017). Despite this
progress, simple and reproducible EAT pipelines
that can be trained on small public datasets are less
commonly reported, which motivates the present
work.

1.2.Contributions

The main contributions are: (i) a complete U-Net
based pipeline from NRRD volumes and expert
labels to a binary EAT mask and an EAT area
measurement; (ii) an evaluation protocol based on
the Dice coefficient, IoU, precision and recall; and
(iii) a first-run baseline on a public dataset, together
with an analysis of its main failure mode (over-
segmentation) and a concrete improvement plan.
Section 2 describes the method, Section 3 presents
the results and discussion, and the final section
concludes the paper.

2. Method

The proposed EAT Deep Segmentation framework
has five stages, shown in Figure 1: data preparation,
pre-processing, U-Net inference, thresholding, and
quantification with evaluation. As shown in The
experimental setup is summarised in Table 1.
Figure 1 Proposed EAT Deep Segmentation
pipeline.

Table 1 Experimental setup

Setting Value
Dataset Public figshare EAT cardiac CT
dataset (NRRD)
Data used 96 axial slices from 12 patients
Task Binary segmentation (EAT vs
background)
Network U-Net with skip connections
Framework Python, TensorFlow

Cardiac CT volume and
expert EAT label (NRRD)

)

Slice extraction and
image-mask pairing

v

Pre-processing: intensity
normalisation, resizing,
binary mask

¥

U-Net encoder-decoder

(pixel-wise EAT probability)

Thresholding
(binary EAT mask)

v

Quantification (EAT area)
and evaluation (Dice, ToU,
precision, recall)

Figure 1 Proposed EAT Deep Segmentation
pipeline

2.1.Dataset

The experiments use the publicly available
epicardial adipose tissue cardiac CT dataset hosted
on figshare (Siriapisith et al., 2021), in which the
CT volumes and the expert EAT segmentations are
stored in NRRD format. In the first experiment, 96
axial slices from 12 patients (the train NC subset)
were used.

2.2.Pre-processing

Each NRRD volume and its label volume were read
and split into two-dimensional axial slices. Every
slice was paired with the corresponding label slice,
the CT intensities were normalised, the images
were resized to a fixed input size, and the labels
were binarised so that EAT pixels take the value 1
and all other pixels the value 0.

2.3.U-Net architecture

The segmentation network follows the U-Net
design (Ronneberger et al., 2015), shown in Figure
2. The encoder repeats 3%3 convolutions followed
by ReLU activations and 2x2 max-pooling, so the
spatial size halves while the number of feature
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channels increases. The bottleneck holds the most
abstract context of the slice. The decoder restores
the resolution with up-convolutions and
concatenates the matching encoder feature maps
through skip connections, which recovers fine
boundaries. A final 1x1 convolution with a sigmoid
activation gives a per-pixel EAT probability p(x,
y). The binary mask is obtained by thresholding:

M(x, y) = 1 if p(x, y) > 1, otherwise 0 (1)

CT slice (input) EAT map (1x1 conv + sigmoid)
v

4
Encoder1 | - Decoder 3
Conv 3x3 + ReLU Up-conv + concat
[
v
Encoder2 | - Decoder 2
Conv 3x3 + ReLU Up-conv + concat
[
v
Encoder3 | —- Decoder 1
Conv 3x3 + ReLU Up-conv + concat
3

. Bottleneck
v (deepest features)

Dashed arrows: skip connections

Figure 2 U-Net architecture used for EAT
segmentation (dashed arrows: skip
connections)

2.4.Training and implementation

The network was implemented in Python using
TensorFlow (Abadi et al., 2016) and trained on a
Windows laptop. The dataset preparation script
converts the volumes into slice and mask arrays,
and the training script fits the network and
evaluates it on the test slices. The experimental
setup is summarised in Table 1 [1 —10].
2.5.Quantification

The EAT area of a slice is computed from the
predicted mask and the in-plane pixel spacing
stored in the NRRD header:

A=NxAx x4y (2)

where N is the number of EAT pixels in the mask

and Ax, Ay are the pixel spacings in mm, so A is
given in mm?. For a set of consecutive slices with
thickness t, the EAT volume is

V=1txXA4 (3)

where Ak is the area of slice k.

2.6.Evaluation metrics

Segmentation quality was measured at pixel level
by comparing the predicted mask with the expert
mask (Taha & Hanbury, 2015). TP, FP and FN
denote the numbers of correctly marked EAT
pixels, pixels marked as EAT that are not EAT, and
expert EAT pixels that were missed. The four
metrics are defined As shown in Table 2 Evaluation
metrics.

Table 2 Evaluation metrics

Metric Definition
Dice 2TP / (2TP + FP + FN)
loU TP / (TP + FP + FN)
Precision TP / (TP + FP)
Recall TP / (TP + FN)

3. Results And Discussion
3.1.Results
On the test set, the first training run gave a Dice
coefficient 0f 0.277, an IoU of 0.172, a precision of
0.178 and a recall of 0.779 (Table 3, Figure 3). The
recall is about 4.4 times the precision: roughly 78%
of the expert-labelled EAT pixels were recovered,
but only about 18% of the predicted EAT pixels
agree with the expert label. As shown in Table 3
Test results of the first training run.

Table 3 Test results of the first training run

Metric Test score
Dice 0.277
loU 0.172
Precision 0.178
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Recall 0.779

1.0 A

0.8 4 0.779

Score

Dice loU Precision Recall

Figure 3 Test metrics of the first training run

3.2.Discussion

High recall with low precision means that false
positives clearly outnumber false negatives: the
network rarely misses EAT, but it marks a much
larger region than the expert label. Dice and IoU
penalise both error types, so they remain low
because of the false positives even though the
sensitivity is good. Three factors probably explain
this behaviour. First, only 12 patients were used, so
the network sees limited anatomical variation.
Second, EAT 1is a small foreground class, which
makes the loss function and the decision threshold
critical (Lin et al., 2017; Sudre et al., 2017). Third,
EAT has the same HU range as paracardial and
mediastinal fat outside the pericardium. Without an
explicit constraint to the pericardial region, a slice-
wise network can label such fat as EAT, which
would produce false positives of the kind observed
here. The study has clear limitations: a small
cohort, two-dimensional slice-wise segmentation, a
single training run without cross-validation or
confidence intervals, and no pericardial post-
processing. The reported figures are therefore a
baseline and not clinical accuracy, and prior work
on larger cohorts reports considerably higher
agreement with experts [11 — 17] (Commandeur et
al., 2018). The planned improvements are a larger
patient cohort, data augmentation (Shorten &
Khoshgoftaar, 2019), imbalance-aware losses such
as Dice and focal loss, restriction of predictions to
the pericardial region with morphological post-
processing, and volumetric models (Cigek et al.,

2016; Isensee et al., 2021).

Conclusion

This paper presented EAT Deep Segmentation, an
end-to-end U-Net pipeline that converts cardiac CT
volumes and expert labels into a binary EAT mask
and an EAT area measurement. On a first
experiment with 96 slices from 12 patients, the
model reached a Dice coefficient of 0.277, an IoU
0f 0.172, a precision of 0.178 and a recall of 0.779.
The network detects most EAT pixels but over-
segments, so the result is a reproducible baseline
rather than a final accuracy claim. Future work will
use more patients, augmentation, imbalance-aware
losses, pericardial region restriction and three-
dimensional models to reach accuracy suitable for
clinical use.
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