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A B S T R A C T   

Many studies have shown that epicardial fat is associated with a higher risk of heart diseases. Accurate epicardial 
adipose tissue quantification is still an open research issue. Considering that manual approaches are generally 
user-dependent and time-consuming, computer-assisted tools can considerably improve the result repeatability 
as well as reduce the time required for performing an accurate segmentation. Unfortunately, fully automatic 
strategies might not always identify the Region of Interest (ROI) correctly. Moreover, they could require user 
interaction for handling unexpected events. 

This paper proposes a semi-automatic method for Epicardial Fat Volume (EFV) segmentation and quantifi
cation. Unlike supervised Machine Learning approaches, the method does not require any initial training or 
modeling phase to set up the system. As a further key novelty, the method also yields a subdivision into quartiles 
of the adipose tissue density. Quartile-based analysis conveys information about fat densities distribution, 
enabling an in-depth study towards a possible correlation between fat amounts, fat distribution, and heart 
diseases. 

Experimental tests were performed on 50 Calcium Score (CaSc) series and 95 Coronary Computed Tomog
raphy Angiography (CorCTA) series. Area-based and distance-based metrics were used to evaluate the seg
mentation accuracy, by obtaining Dice Similarity Coefficient (DSC) ¼ 93.74% and Mean Absolute Distance 
(MAD) ¼ 2.18 for CaSc, as well as DSC ¼ 92.48% and MAD ¼ 2.87 for CorCTA. Moreover, the Pearson and 
Spearman coefficients were computed for quantifying the correlation between the ground-truth EFV and the 
corresponding automated measurement, by obtaining 0.9591 and 0.9490 for CaSc, and 0.9513 and 0.9319 for 
CorCTA, respectively. 

In conclusion, the proposed EFV quantification and analysis method represents a clinically useable tool 
assisting the cardiologist to gain insights into a specific clinical scenario and leading towards personalized 
diagnosis and therapy.   

1. Introduction 

Cardiovascular diseases are characterized by a multifactorial etiol
ogy and several factors may contribute simultaneously to their 

development. The conditions that cause an increase in the probability of 
the disease onset are called "risk factors"; they are subdivided into 
modifiable, via lifestyle changes or drugs (e.g., arterial hypertension, life 
habits, diabetes mellitus, hypercholesterolemia), and not modifiable (e. 
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g., age, sex, and genetic background) [1–5]. Considering this situation, 
studying the modifiable risk factors is relevant for defining targeted 
therapies. 

Over the last decades, experimental findings report a growing in
terest in the study of adipose tissue, by indicating a strong correlation 
between the risk of future heart disease and the volume of adipose tissue 
inside of the pericardium. Indeed, this tissue represents a valuable 
predictor of cardio- and cerebro-vascular events, regardless of other risk 
factors [6,7]. 

In particular, even more interest was devoted to the analysis and 
quantification of the epicardial fat tissue, which surrounds the whole 
heart as well as the coronary, and it is generally characterized by an 
inhomogeneous appereance. These differences are mainly due to 
different fat densities, but also to artefacts/errors of tomographic 
reconstruction algorithms [8,9]. Among the diagnostic imaging modal
ities, Computed Tomography (CT) [10–15] and Magnetic Resonance 
Imaging (MRI) [16–18] represent both valid techniques for adipose 
tissue imaging. During the latest years, the most validated, and repro
ducible quantification is obtained by using CT. Moreover, in addition to 
lower costs with respect to MRI, an additional reason endorsing a greater 
diffusion of the CT is the difficulty associated to the localization of the 
pericardium in cardiovascular MR images. As a matter of fact, the 
pericardium is usually difficult to detect on MRI (i.e., it is hardly visible 
as a very thin line, typically blurred due to partial volume effects). 

Nowadays, manual procedures for Epicardial Fat Volume (EFV) 
segmentation and quantification are still diffused in the clinical practice. 
Manual approaches are user-dependent, due to the difficulty of correctly 
identifying the area among multiple observers. The time needed for 
reporting each individual patient has to be also taken into account. 
Therefore, computer-assisted tools, which are able to cope with these 
problems, are essential to improve the repeatability of results as well as 
to reduce the processing time. 

Among automatic methodologies, atlas-based models are the most 
widely used solution in the literature. Undoubtedly, the atlases represent 
an excellent approach when the goal is the automatic identification of a 
Region of Interest (ROI) [19]. However, several issues must be consid
ered in the case of atlas-based techniques [20,21]. A typical drawback 
could concern the intrinsic ambiguity arising in the atlas construction. 
Moreover, the performance of an atlas-based segmentation algorithm 
depends heavily on the registration step: if an atlas is poorly 
co-registered, the fusion step could misguide the segmentation of the 
target image, so decreasing its accuracy [20]. Nowadays, Machine 
Learning includes a set of advanced techniques that are obtaining 
excellent results, by strongly relying on high quality annotated 
large-scale datasets to be used in the training phase. In Ref. [22], the 
authors proposed a fully-automatic approach based on a Convolutional 
Neural Network (CNN) [23] for the segmentation of the left atrium of 
the heart, by processing 3D late gadolinium-enhanced MRI series. This 
approach might be certainly relevant, even though the aims are very 
different from ours, mainly because the challeges regarding cardiac MR 
images analysis considerably differ from CT-based tissue density 
measurements. 

Moreover, several literature works showed that morphology of 
human organs, like the brain, is highly variable among phenotypically 
different ethnic groups with fundamental genetic and environmental 
variations in brain morphology and microstructure (e.g., shape, size and 
volume) [24,25]. Also, it is necessary to consider that used atlas are 
rather static, since they do not capture the subjects’ characteristics as a 
function of age and gender [26]. However, these brain atlases have been 
not yet ready for practical applications due to some deficiencies, 
particularly arising in multi-centric studies [21]. In general, this ratio
nale may be extended to any human organ. Thus, atlas-based approaches 
have limitations, especially in those scenarios where higher variability 
of morphology is expected. 

Starting from a well-established question from chest radiologists, the 
clinical rationale and feasibility have always been taken into account in 

the design choices. This led to a solution based on a semi-automatic 
strategy that allows for a safe end-user control of the automated 
result, providing reliable and validated (by an expert radiologist) re
sults. Our computational solution, which does not require any training 
phase, considerably facilitates the direct translation and deployment of 
the approach into the clinical practice [27]. 

Considering these premises, the objective of this study is to provide 
an approach allowing us to support the clinician workflow: the avail
ability of a computer-assisted tool, which can enable the EFV identifi
cation and support the screening/follow-up protocols of patients’ 
categories with cardiovascular risk factors, makes it possible to reduce 
some typical drawbacks of manual segmentation procedures. The EFV 
quantification – for instance, before and after the administration of drug 
therapy with statins – could help the cardiologist to provide useful in
dications to modify an inappropriate ’lifestyle’ and, more importantly, 
improve the drug treatment with targeted interventions. However, it is 
worth considering that in clinical contexts, fully automatic solutions 
might not be always suitable, because the human intervention is often 
required in the reporting phase. This fact motivated us to develop a 
semi-automatic approach to assist clinicians in the EFV quantification 
procedure. Our computer-assisted approach detects and quantifies the 
EFV, by allowing the cardiologist to interact and check the results during 
the initial phase. Moreover, our design choice overcomes some typical 
limitations of the automatic approaches that, needing for a priori 
knowledge for the training phase, are not always clinically feasible in 
the case of a small amount of enrolled subjects. 

Research challenges. The main challenges on this research topics 
are:  

� hurdles related to the applicability of supervised Machine Learning 
techniques and model-based approaches (i.e., atlases) in the clinical 
practice, due to the heterogeneity inherently characterizing patient 
scenarios;  
� the conventional manual EFV quantification procedures strongly 

affect the result repeatability during patient follow-up visits. 

Contributions. Our main contributions are: 

� interactive support for the heart Volume of Interest (VOI) identifi
cation, remarkably alleviating the workload required by the clinician 
during the slice-by-slice EFV quantification;  
� epicardial fat quartiles calculation for precision medicine purposes 

for gaining insights into the possible pathological scenarios;  
� immediate feasibility and deployment in the clinical practice, 

introducing an approach that does not require neither training nor 
model setup phases [27]. 

Essentially, we propose here an appropriate and efficient combina
tion of conventional methods and new approaches (particularly, in the 
interpolation step) tailored to deal with the problem of epicardial fat 
segmentation. 

The paper is organized as follows: Section 2 reviews the related 
literature works addressing this issue; Section 3 presents the proposed 
semi-automatic approach for the EFV segmentation and quantification; 
Section 4 reports the achieved experimental results; Section 5 provides 
some discussions and comparisons with respect to state-of-the-art ap
proaches; finally, conclusions and future directions are given in Section 
5. 

2. Related works 

Automated EFV analysis and quantification represent an interesting 
research topic, and the literature solutions refer to manual, automatic, 
and semi-automatic approaches. The majority of these methods analyzes 
CT images, since CT has a higher resolution allowing for precise detail 
identification with respect to MRI [28,29]. Moreover, the different 
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densities of the analyzed tissues are natively and easily acquired by 
means of CT imaging: in our specific clinical scenario, CT allows us to 
identify epicardial fat and distinguish among density differences. 
Generally, CT imaging is used in the assessment of cardiovascular and 
coronary risks, while MRI allows for investigating the cardiac func
tionality [28,29]. The most relevant studies on EFV segmentation are 
outlined in what follows. 

In Ref. [15] a semi-automatic method was implemented to firstly 
evaluate the epicardial fat volume and, successively, analyze the 
inter-observer variability. The method is based on a spherical harmonic 
representation of the epicardial surface applied non-contrast cardiac CT 
(NCT) for coronary calcium scan and Coronary CT Angiography 
(CorCTA). Two operators outlined the pericardial contours in 
Multi-Planar Reconstruction (MPR) visualizations (in order to obtain 2- 
and 4-chamber heart views) and in short axis views (by manually 
placing ROIs on 3 or 6 short-axis slices). The purpose of this work was to 
evaluate inter-observer variability of fat volume quantification rather 
than validating the proposed semi-automatic method. 

In Ref. [30] a fully automatic approach for pericardium segmenta
tion and epicardial fat volume estimation on CTA was presented, by 
exploiting a variant of multi-atlas segmentation and a random forest 
classifier for spatial initialization and accurate pericardium detection, 
respectively. 

A method for autonomous segmentation and quantification of the 
epicardial and mediastinal cardiac fats was proposed in Ref. [31]. This 
methodology, aiming at minimizing user intervention, mainly comprises 
registration and classification algorithms to perform the desired seg
mentation. After the initial registration step, twenty patients (overall 
878 images) were randomly chosen to compose a ground truth of cardiac 
fat. Successively, the features are extracted and provided as input to che 
classifier. The random forest algorithm outperfomed all the tested 
classifiers. After the cardiac fat area extraction, the volume is computed. 

In Ref. [32] an automatic multi-atlas based method for segmenting 
the pericardium and calculating the EFV was developed. The data were 
acquired using two different scanners. Eight previously acquired CTA 
scans from different subjects were included as the atlas scans. The 
automatically segmented pericardium ROI is used to quantify the adi
pose tissue voxels, by appliyng a thresholding window in the Hounsfield 
Unit (HU) range [-200, …, -30]. 

In Ref. [35] the authors proposed a semi-automatic approach for 
segmentation and quantification of epicardial fat from 3D CT images. 
The method is a semi-automated slice-by-slice segmentation approach 
based on local adaptive morphology (i.e., a geometric ellipse for filtering 
out undesired parts of the target cluster) and fuzzy c-means clustering 
[36]. 

In Ref. [37] an alternative semi-automatic method for the analysis of 
CT images, obtained by the standard acquisition protocol used for cor
onary Calcium Score (CaSc), was proposed. Before the computerized 
processing phase, an expert observer has to scroll the slices between the 
atrioventricular sulcus and the apex in order to place some control 
points on the pericardium. Such control points are used to automatically 
draw a cubic spline on each slice, which represents the closed pericar
dium contour. This method is characterized by a two-step segmentation 
algorithm that is well-suited for the EFV quantification. In the first step, 
an analysis of epicardial fat intensity distribution is carried out to define 
suitable HU thresholds for a first rough segmentation. In the second step, 
a variational formulation of level set methods is used to recover spatial 
coherence and smoothness of fat depots. 

Finally, with reference to Magnetic Resonance Angiography (MRA), 
an automatic approach for the segmentation of Pericardial Fat Volume 
(PFV) was proposed in Ref. [16]. Firstly, a rough segmentation of the 
heart region on the original image is performed by means of an 
atlas-based segmentation. To obtain the exact boundaries of the peri
cardial fat, a 3D graph-based segmentation is used to separate fatty and 
non-fatty components on the fat-only image. 

These literature studies, where manual and automated tools to 

quantify pericardial fat are described, demonstrate that epicardial fat 
quantification is still an open research issue. Manual EFV quantification 
is not only a tedious and time consuming task, but more importantly the 
EFV is not easily identifable because of the different densities. On the 
other hand, fully automated approaches could require either training 
phases, such as in the case of [16,30–32], or the use of ROI models 
before having a useable system. In clinical environments, especially 
when multi-institutional datasets are involved, designing and defining a 
reliable supervised model often requires specific solutions for achieving 
good generalization abilities [38,39]. 

Regardless of the adopted solution and the type of input images, the 
metodology should support the clinicians’ activities by reducing the 
time required for analysis and reporting but, more importantly, must 
provide accurate and reliable results. Even though fully automatic ap
proaches [16,30–32] do not need for the user intervention, 
semi-automatic methods [15,35,37], by involving an interactive input in 
at least one step of the processing pipeline, allow for safer results in 
critical domains. Therefore, considering the unique challenges encoun
tered in clinical scenarios, interactive segmentation algorithms [40,41] 
often represent the safest and most feasible solution for physicians in 
clinical practice with respect to fully automatic approaches [42]. The 
proposed semi-automatic approach (described in Section 3) has the 
advantage of considerably improving the manual procedure, requiring 
the user interaction only in the first step of the processing pipeline. An 
exhaustive and structured comparison between the proposed approach 
and the state-of-the-art techniques is provided in Section 5, aiming at 
pointing out the main characteristics of each method, as well as the 
advantages and limitations when deployed in a clinical environment. 

3. The proposed semi-automatic approach 

As known from the pathological anatomy, the epicardial adipose 
tissue does not have a homogeneous distribution, and consequently its 
direct delineation is not feasible by means of manual procedures. As a 
matter of fact, manual approaches for the identification and segmenta
tion of a specific ROI, such as the adipose tissue, would require a 
considerable amount of time for the radiologist and do not guarantee the 
result repeatability. In order to minimize the operator dependence on 
measurements and, consequently, improve the result repeatability, a 
computer-assisted procedure was designed and developed, allowing us 
to effectively improve the epicardial adipose tissue quantification by 
means of a semi-automatic method. 

Our approach was used to implement a tool, providing also a user- 
friendly Graphical User Interface (GUI), able to support the radiolo
gists in the procedure of EFV segmentation and quantification. In fact, 
taking a cardiac CT series as input, the tool – with few simple steps and 
with operator intervention only in the initial phase – yields the EFV and 
automatically performs the quantification of the fat quartiles and their 
distribution around the heart. As shown in Fig. 1, the whole processing 
pipeline for the EFV segmentation and quantification can be divided into 
4 mandatory steps and 2 optional steps: (i) ROI Selection; (ii) ROI 
Interpolation; (iii) ROI Refinement; (iv) Epicardial Adipose Tissue Seg
mentation; (v) Fat Volume and Quartiles Computation; (vi) Fat Thick
ness Measurement. The main processing pipeline and the optional 
operations are denoted by solid and dashed black lines, respectively. For 
better visualization purposes, the intermediate and final outputs of the 
main processing blocks are shown in Fig. 2. 

The proposed approach was entirely developed using the MatLab® 
R2016b environment (The MathWorks, Natick, MA, USA) and the 
implemented tool have been tested on a Microsoft® Windows 10 x64 
platform, equipped with an Intel® i7@2.4 GHz CPU and 8 GB of RAM. 
Each single processing step is described in detail in what follows. Fig. 3 
depicts the GUI of the implemented tool, exploiting the developed 
computational approach. 
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3.1. ROI selection 

First of all, after selecting and loading the cardiac CT series, the 
operator must detect the bounding region containing the heart. Since it 
is not needed to process the whole series, but only the slices including 
the heart, the next step involves the specification of the slices range to 
analyze (by means of the parameters ‘first_slice’ and ‘last_slice’). The 
analyzed CT series are cardiac CT CaSc and CorCTA. ‘ROI_step’ is a 
parameter that indicates the offset between the slices wherein the ROI 
must be entered manually. Relying on physicians’ indications, ‘ROI_step’ 
default value was set to 10 and 20 for CaSc and CorCTA, respectively (by 
taking into account the Slice thickness parameter of the two datasets 
which, as reported in Table 1, is of 1.5 mm for CaSc and 0.75 mm for 
CorCTA). In any case, the operator, when necessary, can modify the 
value of ‘ROI_step’. In our experimental trials the default values have 
always been used. Moreover, to ensure the best display mode, native 
windowing is automatically applied according to the values of the tags 
window_center and window_width retrieved from the DICOM header of the 
CT series. Fig. 4 schematizes the strategy implemented to draw an ROI 
every ROI_step slices. Moreover, relying on the indications received from 
clinicians, we implemented two ROI tracing strategies: free-hand and 
polygonal lasso. 

As shown in Table 1, the workload for the operator to set manually 
the reference ROIs is absolutely not excessive, having to set approxi
mately 6 and 12 ROIs for the CaSc and CorCTA datasets, respectively. 

Considering that X and Y are the dimensions of the image (square 
images then X ¼ Y), for every manually drawn ROI:  

� CentroidROIi ¼ ðxci; yciÞ are the coordinates of the ith ROI centroid;  
� PointsCircle ¼ fðxcj; ycjÞ

�
� j¼ 1; ::;Npointsg is the set of coordinates of the 

Npoints equi-spaced points on the circumscribed circumference with 
center ðX=2; Y=2Þ and radius (circumference circumscribed to the 
image); 

As shown in Fig. 5, for each manually drawn ROI, in order to perform 
the interpolation (next step), the Npoints intersections between the ROI 
contour and the Npoints straight lines – by joining the centroid CentroidROIi 
of the ith ROI and the 48 points on the circumference circumscribed to 
the image (belonging to the PointsCircle set) – are determined. Experi
mentally, we set Npoints ¼ 48, as a compromise between (i) the accuracy 
in correctly following the ROI contour and (ii) limiting the computa
tional complexity of the interpolation step. 

PointsROIi ¼
�
ðxROIi;n; yROIi;nÞjn ¼ 1;…;Npoints

�

8i 2 ½first slice; last slice� ^ ðmodði � first slice;ROI stepÞ ¼ 0 Þ (1)  

3.2. ROI interpolation 

Once the reference ROIs are manually drawn, the computational 
system automatically interpolates the ROIs in the remaining slices 
included in the range of interest. Especially, relying on these manual 
ROIs (traced every ‘ROI_step’ slices), all the ROIs for the intermediate 
slices are computed by interpolating the ROIs drawn onto the slices ‘i’ 
and ‘i þ ROI_step’ (see Fig. 6). By so doing, the number of slices manually 
drawn by the user is reduced by a ‘ROI_step’ factor. 

Considering the intersection points sets of i and iþ ROI step slices 

Fig. 1. Overall flow diagram of the proposed semi-automatic approach for epicardial adipose tissue segmentation and quantification. The main processing pipeline 
and the optional operations are denoted by solid and dashed black lines, respectively. The notation used for the processing blocks is shown in the legend box. 
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(PointsROIi and PointsROIiþROI step , respectively), defined by Eq. (1), it is 
possible to calculate the set PointsROIj of the points of the jth interpolated 
ROI as: 

PointsROIj ¼�
ðxROIi;n þ j⋅gapXn; yROIi;n þ j⋅gapYnÞ j n ¼ 1;…;Npoints

�

8i 2 ½first slice; last slice� ^ ðmodði � first slice;ROI stepÞ ¼ 0Þ
8j 2 ði; iþ ROI stepÞ

(2) 

As illustrated in Fig. 7, gapXn and gapYn – defined by Eqs. (3) and (4), 
respectively – represent the distances along the x and y directions for the 
nth point of the ROI that must be added j times to obtain the points 
interpolating the point pairs ðxROIi;n; yROIi;nÞ and ðxROIiþROI step;n;

yROIiþROI step;nÞ. This allows us to calculate the ROIstep � 1 missing ROIs. 

gapXn ¼

�
xROIiþROI step;n � xROIi;n

�

ðROI step � 1Þ
;8n ¼ 1;…;Npoints (3)  

gapYn ¼

�
yROIiþROI step;n � yROIi;n

�

ðROI step � 1Þ
;8n ¼ 1;…;Npoints (4)  

3.3. ROI refinement 

The interpolated results are reliable, and radiologists rarely need to 
refine one or more interpolated ROIs. In any case, to offer the possibility 
to perform it, an optional ROI refinement step was also implemented to 
increase the reliability of our system. After the refinement of a single 
ROI, this modification is propagated to the adjacent ROIs performing a 
further automatic interpolation. This additional interpolation is needed 

to ensure shape- and spatial-continuity among refined and unrefined 
ROIs. If the ROI at current_index position is modified, the previous and 
the next indices (first_index and second_index, respectively) of the pre
viously manually placed ROIs are retrieved. By exploting these two ROIs 
and the refined ROI, all the ROIs included in the (first_index, current_in
dex) and (current_index, second_index) ranges are updated (by means of a 
re-interpolation) according to the changes affecting the current_index 
ROI (Fig. 8) and following the rationale explained in the previous 
section. 

3.4. Epicardial fat segmentation 

The proposed epicardial adipose tissue segmentation approach an
alyzes only the area inside the ROI using an efficient double-threshold 
algorithm. Specifically, the voxels representing epicardial fat have HU 
values in the range [-190, …, -30] [43]. In general, this range is kept 
fixed although, in some cases, it requires to be modified by clinicians 
according to the different CT scanners or acquisition protocols [37]. 
Thus, the tool allows the radiologists to interactively modify the min_
Hounsfield and max_Hounsfield parameter values, which determine the 
range of the HU values. 

In order to enhance the achieved segmentation results, we also 
provide two different filtering operations that can be optionally 
employed by the user: 

� Pre-segmentation filtering, which consists in a median filter char
acterized by a 5 � 5 convolution kernel to remove noise from CT 
images; 

Fig. 2. Workflow showing the main processing steps on an example CT cardiac image along with the corresponding intermediate outputs: i) initial input image; ii) 
ROI selection output; iii) epicardial adipose tissue segmentation; iv) fat volume and quartiles computation. 
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� Post-segmentation filtering, which comprises three steps: (i) hole 
filling, (ii) removal of small-area not representing fat voxels, (iii) 
morphological closing to smooth the ROI boundaries. 

These processing steps mainly aim at dealing with artefacts due to 
voxel non-uniformities generated by tomographic reconstruction algo
rithms, such as the Filtered Back Projection (FBP) [32,44]. 

The output yields the overall fat volume as well as the area/volume 
for each analyzed image. Fig. 9 shows the results of the application of the 
pre- and post-segmentation steps. It is noticeable that applying both 
these filtering steps improves segmentation results by yielding smooth 
boundaries and removing any hole mainly caused by pixel 
inhomogeneities. 

3.5. Adipose tissue volume and quartiles computation 

The epicardial fat segmentation is the starting-point for the following 
clinical analysis. The HU range of interest is by default set to [-190, …, 
-30] and the quartiles (indicated as Q1, Q2, Q3, and Q4) are computed 
accordingly. In addition, the mean HU value and the percent and the 
volume with respect to the whole EFV are calculated. The quartiles are 
denoted with different colors and over-imposed onto the current CT 
image. However, the user can specify a specific quartile of interest. 
Fig. 10 shows an instance of segmented adipose tissue with the corre
sponding quartiles. 

3.6. Fat Thickness Measurement 

Addressing the specific requests from cardiologists, our tool allows 
also for inserting a maximum of 5 measurements related to the fat 
thickness in some specific anatomical points, mainly in specific points of 
coronary arteries – e.g., right coronary artery (RCA), left descending 
anterior (LDA), left main (LM)) [45] – which are important to assess the 
clinical scenario for each examined patient. After the selection of a CT 
slice of interest, the clinician performs the measurements, with the 
possiblity to add a descriptive label on each measurement. During the 
quantification phase, the GUI displays several radial lines starting from 
the ROI centroid in order to facilitate the operation. 

4. Experimental results 

In order to quantify the performance of the proposed approach, we 
calculated (i) the correlation coefficient to assess the EFV quantification 
performance, and (ii) the area-based and distance-based metrics to 
evaluate the segmentation. Each semi-automatic approach requiring 
user intervention or feedback will involve differences, albeit minimal, 
due to the operator-dependence [14]. In order to reduce the bias due to 

Fig. 3. The GUI of the implemented tool for the EFV segmentation and quantification. On the left side, the list of all the slices belonging to the loaded CT series is 
displayed. In the central area, the selected image is displayed by over-imposing (transparency obtained by using alpha blending) the result of the performed 
segmented EFV. On the right side, the controls necessary to perform the various processing steps are shown. 

Table 1 
Main characteristics of the two types of cardiac CT scans – CaSc and CorCTA – 
analyzed in this study for the EFV segmentation and quantification.   

Calcium Score 
(CaSc) CT scans 

Coronary Computed Tomography 
Angiography (CorCTA) scans 

Series number 50 (30 males and 
20 females) 

95 patients (68 males and 27 
females) 

Mean age � standard 
deviation [years] 

46 � 4.17 61.6 � 10.3 

Matrix size [pixels] 512 � 512 512 � 512 
Slice thickness [mm] 1.5 0.75 
Total amount of 

processed slices 
2959 22264 

Processed slices per series 
(mean value) 

~ 60 ~ 235 

ROI step (default) 10 20 
Manually set ROIs (mean 

value) 
5.9 11.7  
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this inter-observer variability, for each type of dataset, the ground-truth 
was manually delineated by a radiologist with at least 10 years of 
experience, by using a Leonardo reporting workstation (Siemens 
Healthcare, Erlangen, Germany) equipped with dedicated Syngo Via 
Cardiac (Siemens Healthcare) diagnostic software. 

4.1. Dataset characteristics 

As previously introduced, the two analyzed datasets are CaSc and 
CorCTA. In particular, to perform experimental trials, 50 and 95 patients 
were retrospectively selected who underwent cardiac CT with a 
SOMATOM® Definition AS 128-layer scanner (Siemens Healthcare) at 
the University Hospital “Paolo Giaccone”, University of Palermo, 
Palermo, Italy. Table 1 summarizes the main characteristics of the two 
typologies of CT scans used in our experiments. For each patient, 

Figs. 11 and 12 depict the min/max indices (dashed lines), representing 
the first and the last processed slices, as well as the number of processed 
slices for each dataset type. The overall number of processed slices for 
CaSc and CorCTA datasets are 2959 and 22264, respectively. The last 
row of Table 1 shows the average number of ROIs set by the operator, by 
considering the total number of processed slices, the number of series, 
and the value of ’ROI_step’ parameter. These values show that the 
workload for the operator is minimized with respect to a fully automatic 
procedure, having to set (on average) about 6 (5.9) and 12 (11.7) ROIs 
for the CaSc and the CorCTA series, respectively. 

Considering the multi-ethnicity in Sicily, which is an area charac
terized by a heterogeneous population due to its own genetic history 
[46,47], it is intuitive to expect a high variability of organ morphology. 
This is a critical issue to take into account, especially when dealing with 
atlas-based approaches, which may not represent a feasible and reliable 
solution due to the different portions/positions of fat in the analyzed 
subjects. 

Before quantitatively evaluating the achieved experimental results, it 
was worth to quantify the ’noise level’ of the images, by calculating the 
Signal-to-Noise-Ratio (SNR) on all the processed CT (CaSC and CorCTA) 
images, in order to highlight the variability of the image signal and, 
consequently, the robustness and reliability of the proposed approach. 
In particular, the used SNR is defined in Eq. (5) [48,49]. The results, 
represented by the boxplots in Fig. 13, reveal the variability across the 
CT series included in the analyzed datasets. 

SNRROI ¼
μROI

σROI
(5)  

4.2. Computation times and memory consumption 

This section provides some details concerning the average processing 
times and memory consumption for each of the main steps of the whole 
processing pipeline. Table 2 shows the results averaged over 10 different 
CT series for each of the two dataset types, without taking into account 
the optional steps (i.e., ROI Refinement, Fat Thickness Measurement). 
The computational tool exploiting the proposed approach was deployed 
on a computational platform with an Intel i7@2.4 GHz CPU, 8 GB RAM 
and Microsoft Windows 10 operating system. 

As reported in Table 2, the analyzed CaSc and CorCTA datasets have 
approximately 60 and 235 slices, respectively, and the parameter 
ROI_step was set to the default value (i.e., the user has to manually draw 
about 7 and 13 ROIs for the CaSc and CorCTA, respectively). The overall 
mean time required by the proposed semi-automatic approach and by 
the fully manual procedure is ~3.5 min and ~14.5 min, respectively, for 
the CaSc cases. Thus, thanks to our smart and reliable interpolation 
strategy that avoids the manual delineation of all the ROIs, the achieved 

Fig. 4. ROI detection is performed by considering only the slices’ range of interest: starting from ‘first_slice’, just the slices every ‘ROI_step’ offset are displayed (blue 
squares) in order to manually draw the ROI containing the heart. After inserting all the ROIs, until ‘last_slice’ is reached, the ROI are interpolated onto the remaining 
slices included in the range of interest (white squares). (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of 
this article.) 

Fig. 5. For each manually drawn ROI, in order to perform the interpolation, the 
48 intersections between the ROI contour and the 48 straight lines – joining the 
centroid CentroidROI i of the ith ROI and the 48 points on the circumference 
circumscribed to the image (belonging to the PointsCircle set) – are determined. 
The gray box and the blue-colored region represent the cardiac CT image and 
the heart ROI, respectively. The red dots denote the intersection points. (For 
interpretation of the references to color in this figure legend, the reader is 
referred to the Web version of this article.) 
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speed-up is ~4.3 � . Similarly, the overall mean time required by the 
proposed semi-automatic approach and by the fully manual procedure is 
~7.4 min and ~55.3 min, respectively, for the CorCTA cases. Thus, the 
achieved speed-up is ~7.5 � . As a matter of fact, the ‘ROI Selection’ and 
‘ROI Interpolation’ steps are the most time-consuming. Moreover, by 
relying on the MatLab ‘workspace’ built-in function, the memory 
required by the EFV computation and quantification was assessed. 
Table 3 shows that the increase of the memory consumption during the 
different processing phases is related to the variables allocated to store 
the output of each step. In particular, as expected, the ‘ROI Interpola
tion’ requires the highest amount of memory. As a matter of fact, after 
the interpolation phase, many variables (needed only for the ROI 
interpolation) are deallocated and the total memory consumption de
creases. It must be considered that the average size of the processed CT 
series is 35 MB and 120 MB for CaSC and CorCTA, respectively. 

4.3. Segmentation evaluation 

In order to evaluate the accuracy of the EFV segmentation, area- 
based and distance-based metrics were used [50]. Moreover, to corre
late the overall EFV against the ground-truth the scatter diagrams were 
plotted as well as the Pearson and Spearman correlation coefficients 
were calculated. 

4.3.1. Spatial -based and distance-based metrics 
Area-based metrics compare the regions segmented ðRAutoÞ by the 

proposed approach against the ground-truth ðRGTÞ manually segmented 
by a physician/radiologist. In order to obtain the ground-truth, required 
to define a reference to compare the segmentation result obtained by the 
proposed semi-automatic approach, the cardio-CT examinations were 
evaluated by a radiologist with a training of at least 10 years. 

Let I be the image to be analyzed, the region containing “true posi
tives” is defined as: 

RTP¼RAuto \ RGT 

The DSC, the most used statistics in validating medical volume seg
mentations, can be defined as: 

DSC¼
2jRTPj

jRAutoj þ jRGT j
: (6) 

In addition to area-based metrics, which take into account the spatial 
position of the boundary voxels, distance-based metrics should be uti
lized when the boundary delineation is critical. Accordingly, the dis
tance between the boundaries computed by the proposed segmentation 
method and the ones delineated by the expert is calculated. These 
boundaries are formally defined by the vertices A ¼ fai : i¼ 1; 2;…;Kg
and T ¼ ftj : j ¼ 1;2; …; Ng, respectively. The distance between an 
element of the contour relative to the automatically calculated ROI ai 2

A and the point set T is defined in Eq. (7): 

dðai;TÞ¼ min
j2f1;…;Ng

�
�ai � tj

�
�: (7) 

We used the Mean Absolute Distance (MAD) to quantify the average 

error in the segmentation process, defined in Eq. (8), where: dðt; aÞ ¼

kt � ak ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Pn

k¼1ðtk � akÞ
2

q

is a norm. 

MAD¼
1
K

XK

i¼1
dðai;TÞ (8) 

Table 4 depicts the mean and standard deviation values of area-based 
and distance-based metrics obtained in the experimental tests. The 
distance-based metrics are consistent with area-based metrics, by 
demonstrating that good performance was obtained also in terms of 
difference between semi-automated and manual boundaries. Overall, 
the achieved segmentation performance shows the accuracy and reli
ability of the proposed semi-automatic approach. 

Fig. 6. Example of interpolation of two reference ROIs. After manually drawing these two ROIs (denoted in green and blue, respectively), the remaining ROIs are 
automatically interpolated. In this case, to avoid displaying too many slices, ‘ROI_step’ is set to 6 (implying 5 ROIs to be interpolated). (For interpretation of the 
references to color in this figure legend, the reader is referred to the Web version of this article.) 
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4.3.2. EFV quantification evaluation 
To evaluate the quantified EFV, we calculated the Pearson and 

Spearman correlation coefficients between the overall ground-truth 
volume ðVGTÞ and the segmented volume ðVAutoÞ measurements. 
Figs. 14 and 15 show the scatter diagrams concerning VAuto versus VGT 
on the CaSc and CorCTA datasets, respectively. 

The achieved results show a high level of correlation between our 
semi-automatic method and the ground-truth obtained by means of 
manual delineation. Details about the Pearson and Spearman correlation 
coefficients are depicted in Table 5. 

5. Discussions and comparisons 

The quantification of the cardiac adipose tissue represents an inter
esting and active research topic, mainly for the consequences related to 
people health. In fact, recent findings have shown a growing interest in 
the study of adipose tissue, by indicating a strong correlation between 

the risk of future heart diseases and the volume of adipose tissue inside 
the pericardium [6,7]. For completeness, Table 6 summarizes the 
characteristics of literature approaches dealing with EFV segmentation 
and quantification. 

Our goal is to show the trend in the literature even in different 
clinical scenarios and experimental settings. For this reason, we sum
marized the results obtained by the works addressing the same issue. In 
fact, Table 6 shows the data and results from the original publications as 
they are, aiming at providing an overview of the state-of-the-art 
methods for EFV segmentation and quantification. More interestingly, 
a taxonomy based on the degree of user interaction (i.e., automatic or 
semi-automatic) and the underlying computational framework (i.e., 
model-based, supervised/unsupervised model, basic image analysis) is 
provided. 

Moreover, to the best of our knowledge, public CT imaging datasets 
for epicardial fat segmentation to be used as benchmark are not 
currently available for performing a comparative analysis on the same 

Fig. 7. Interpolation steps: a) and b) the first and 
the last slices with the overimposed manually 
delineated contours; c) the ith and the 
(i þ ROI_step)th contours (with blue and green 
lines, respectively) manually drawn ROIs to be 
interpolated; d) the nine ROIs (in this case ROI_
step ¼ 10) obtained after the interpolation process 
(displayed with red contour); e) zoomed area 
showing a detail of the obtained ROIs. (For 
interpretation of the references to color in this 
figure legend, the reader is referred to the Web 
version of this article.)   
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training and testing data. 
Manual reporting procedures are more time-consuming than 

computer-assisted approached and are affected by an intrinsic inter- 
operator dependency that could lead to inconsistencies in the obtained 
results. For this reason, the best choice should be the development of 
computer-assisted methods helping clinicians in the quantification 
tasks, so reducing the inter-operator dependency. In Ref. [14] an 
interesting work is proposed where a semi-automatic method is used to 
evaluate the effect of scanning protocols and the observer variability in 
EFV quantification. For this reason, the correlations between the EFVs, 
obtained by two different operators on two dataset types, are reported 
and discussed. It must be pointed out that the ROIs are placed manually 
on MPRs of the original images. Considering the obtained findings, 
where a strong correlation between results was shown, the authors 
stated that on both datasets’ types the approach can be used for EFV 
measurement in the clinical routine, thanks to its low intra- and 
inter-observer variability. 

The literature proposes different approaches, both automatic [16, 
30–33] and semi-automatic [15,35,37], for the EFV quantification. All 
automatic approaches are based either on atlases, exploited to identify 
the ROI where the epicardial fat tissue must be detected, or on Deep 
Learning methods. Even though fully automatic procedures can 

considerably reduce the processing time, they could introduce signifi
cant errors under unexpected clinical scenarios, since they do not allow 
for any human interactive feedback. 

Generally, the use of atlases for ROI detection starts from the 
assumption that there is a common model in which all the analyzed 
cases can be mapped. As soon as the analyzed patient has morphological 
characteristics that are different from the atlas model, then the quanti
fication of the fat volume may present deviations with respect to the 
ground-truth [20,21]. As a result, inaccurate segmentation results could 
occur. 

In order to improve the performance and avoid future unpredicted 
events, such as deformations in the retrosternal area, the authors of [31] 
applied a confirmation method relying on distance-based heuristics and 
the orientation of neighboring pixels. Furthermore, it is worth to note 
that two different techniques were used for the quantification of the 
system accuracy on a single patient: a 10-fold cross-validation and a 66% 
split of the patient data. Ground-truth and training were performed on 
20 patients (878 images). However, it is not clear the number of 
patient/images used in the testing phase. The authors literally report 
only that ‘2.5 gigabytes originated from the patients of the ground 
truth’. 

Deep Learning methods are gaining ground in cardiovascular imag
ing [33]. With particular reference to the image segmentation and 
quantification tasks, the Multi-Modality Whole Heart Segmentation 
(MM-WHS) challenge has been recently organized by the International 
Conference on Medical Image Computing and Computer-Assisted 
Intervention (MICCAI) 2017 [34]. This competition involved the 
whole heart segmentation on 60 CT and 60 MRI scans, aiming at a fair 
comparison among different computational methods as well as 
contributing to collect a benchmark for both modalities. 

On the one hand, the methods based on Deep Learning exhibited 
great potential, but several of them reported poor performance in the 
blinded evaluation on unseen test data (probably due to overfitting in 
the training/development phase): indeed, the performance is highly 
dependent on network architectures and training strategies. On the 
other hand, the conventional algorithms, mainly based on multi-atlas 
segmentation, achieved robust and stable results (also in the case of 
highly variable scenarios), even though the accuracy and computational 
complexity might represent limitations. 

Nevertheless, the epicardial fat is not considered among the 
segmented structures in the MM-WHS challenge and no method based 

Fig. 8. Interpolation strategy used to automatically update (re-interpolation) the ROIs included in the (first_index, current_index) and (current_index, second_index) 
ranges after performing a refinement of the ROI at current_index position. 

Fig. 9. An example of epicardial adipose tissue segmented within the ROI. The 
segmented fat is contoured by solid red (dashed yellow contours represents the 
ROI obtained by interpolation starting from manually placed ROIs. In a) and b) 
segmentation result obtained without and with filtering (applying both pre- 
segmentation as well as post-segmentation). The images are showed with a 
2 � zoom factor. (For interpretation of the references to color in this 
figure legend, the reader is referred to the Web version of this article.) 
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on Deep Learning has been proposed so far. 
A limitation of semi-automatic approaches is the need for the oper

ator intervention that could typically involve higher processing times 
with respect to computationally-efficient fully automated approaches. 
Generally, in the first steps of the semi-automatic pipelines, some ROIs 
or control points must be selected in order to provide the necessary in
formation to the algorithms exploited by the subsequent automated 
processing phase for obtaining the EFV. 

Moreover, an underestimated, yet very important, aspect is that the 
training and test sets are used as a statistical basis to evaluate the 

approach. An inadequate database could lead to misleading results. In 
Refs. [16,30] the ratio between training/development and test samples 
is too high: 4/6 and 20/30 respectively (i.e., 2/3 in both cases). Very 
similar situations are observed in Refs. [35,37], wherein only 10 sam
ples are used in the experimental tests. In order to define a statistically 
significant basis to validate the computational method, the tests should 
be carried out on more cases. Our approach has been tested on 145 
samples, by processing overall over 25,000 CT images. Considering the 
large amont of the processed slices, even compared to similar works of 
literature, the results obtained, both in terms of quality of the 

Fig. 10. Epicardial adipose tissue segmentation: a) whole segmented fat; b) highlighting all the quartiles. Q1, Q2, Q3, and Q4 are denoted with magenta, blue, 
yellow, and green colors, respectively. The images are displayed with a 2 � zoom factor. (For interpretation of the references to color in this figure legend, the reader 
is referred to the Web version of this article.) 

Fig. 11. Range of processed slices for each patient of the CaSc dataset. This plot reports the first and the last indices of the processed slices (represented by the min/ 
max dashed lines), as well as the number of the processed CT slices (represented by the green solid line). (For interpretation of the references to color in this 
figure legend, the reader is referred to the Web version of this article.) 
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segmentation and correlation with the ground-truth, are excellent and 
reliable. 

The proposed semi-automatic approach requires the intervention of 
the operator in the initial step to set the reference ROIs. The interactive 
tool implemented allows the operator to effectively interact in this phase 

and correct, when necessary, the ROIs aiming at obtaining a greater 
precision in quantification. 

Moreover, as shown in Table 1, unlike a fully manual procedure, the 
proposed approach allows us to reduce the ROIs to be delineated 
manually by a ’ROI_step’ factor. Considering that each CT series has 
about 60 and 235 images (i.e., for the CaSC and CorCTA series, 
respectively), the workload for the operator is highly reduced, having to 
set (on average) only 6 (5.9) ROIs for the CaSc series and 12 (11.7) ROIs 
for the CorCTA series. 

Naturally, the operator feedback required to manually set and adjust 
the reference ROIs is an aspect to take into account for any semi- 
automatic strategy, leading to longer processing times compared to a 
fully automatic strategy. However, our approach allows us to assist and 
automate a procedure still manual in the clinical routine. In order to 
provide an estimate of the average time needed to process a CT series, an 
evaluation was performed by considering 10 CaSc series and 10 CotCTA 
series. The obtained average processing times are about 3.5 and 7.5 min 
for CaSC and CorCTA, respectively, when any ROI refinement is 
required. 

The proposed method appropriately combines literature methods 
and new approaches (such as in the interpolation step) in a smart and 
efficient way, in order to tackle the problem of epicardial fat segmen
tation. The combination of computational techniques and the applica
tion scenario make our approach effective and efficiently to solve this 
challenging problem. This evidence is supported by the achieved 
experimental results, also considering that our approach has neither 
initial training nor setup. 

The clinical feasibility has always been always taken into account in 
the design choices, so leading to a solution based on a semi-automatic 
strategy that allows for a safe end-user control of the automated 
result. Our computational solution, which does not require any training/ 
setup phase, considerably facilitates the direct translation and deploy
ment of the approach into the clinical practice [27]. This important 
aspect is endorsed by the compelling issues related to the explainability 
of Artificial Intelligence methods in medicine that must be taken into 
account for the adoption and the clinical feasibility of a novel Clinical 
Decision Support System (CDSS) [51]. Moreover, our software solution 
used a user-centred Graphical User Interface (GUI) design, allowing us 
to optimize the GUIs for a safe interaction by the physician (user 

Fig. 12. Range of processed slices for each patient of the CorCTA dataset. This plot reports the first and the last indices of processed slices (represented by the min/ 
max dashed lines), and the number of the processed CT slices (represented by the green solid line). (For interpretation of the references to color in this figure legend, 
the reader is referred to the Web version of this article.) 

Fig. 13. SNR values obtained on the two types of datasets (CaSc and CorCTA) 
used for EFV quantification. The black line and the gray star denote the median 
and the mean values, respectively. 
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experience) as well as for an effective integration into the existing 
clinical workflow [52]. 

6. Conclusions and future work 

The growing interest in the study of epicardial adipose tissue is 
mainly motivated by the increase in the incidence of related cardio
vascular diseases. In fact, literature works have shown a direct associ
ation between epicardial fat and risk of major cardio- and cerebro- 
vascular diseases [53]. In addition, the thickness of epicardial fat de
termines also a higher risk of heart disease [54]. Recent studies 
exhibited a correlation between the thickness of epicardial adipose tis
sue and the incidence of non-coronary artery cardiac disease such as 
atrial fibrillation, probably linked to the increased production of activin 

Table 2 
Comparison of the average processing times required by the proposed approach and the corresponding fully manual approach without the interpolation phase, where a 
ROI is manually traced on every slice.  

Processing steps CaSc dataset CorCTA dataset 

Processing steps Fully manual approach average 
processing time [s] 

Proposed approach average 
processing time [s] 

Fully manual approach average 
processing time [s] 

Proposed approach average 
processing time [s] 

CT Series Loading 14.04 26.20 
ROI Selection 852.63 112.54 3274.91 149.45 
ROI Interpolation 0 70.96 0 253.18 
Epicardial Adipose Tissue 

Segmentation 
3.66 10.28 

Fat Volume and Quartiles 
Computation 

1.95 5.37 

Total Processing Time 872.28 203.15 3316.76 444.48  

Table 3 
Average memory consumption for each of the main processing phases for the 
CaSc and CorCTA dataset analysis.  

Processing steps CaSC Dateset Average 
Memory Consumption 
[MB] 

CorCTA Dateset Average 
Memory Consumption 
[MB] 

Opened EVF 
Segmentation Tool 

222 243 

CT Series Loading 514 1063 
ROI Selection 738 1370 
ROI Interpolation 1043 2451 
Epicardial Adipose 

Tissue Segmentation 
866 1651 

Fat Volume and 
Quartiles 
Computation 

871 1638  

Table 4 
Spatial area-based and distance-based metrics achieved by the proposed semi- 
automatic approach.  

Segmentation Evaluation Metrics CaSc Dataset CorCTA Dataset 

DSC 93.74% 92.48% 
MAD 2.18 2.87  

Fig. 14. Scatter diagram obtained on the CaSc CT dataset showing the corre
lation between the overall epicardial adipose tissue volume (in cm3) calculated 
using the proposed semi-automatic approach (abscissa axis) against the ground- 
truth volume (ordinate axis). The values were obtained on 50 patients (30 
males and 20 females) underwent cardiac-CT examination. The obtained 
Pearson and Spearman correlation coefficients are 0.9591 and 0.9490, respec
tively. The dashed line represents the equality line. 

Fig. 15. Scatter diagram obtained on the CorCTA dataset showing the corre
lation between the overall epicardial adipose tissue volume (in cm3) calculated 
with the proposed semi-automatic approach (abscissa axis) against the ground- 
truth volume (ordinate axis). The values were obtained on 95 patients (68 
males and 27 females) underwent cardiac-CT examination. The obtained 
Pearson and Spearman correlation coefficients are 0.9513 and 0.9319, respec
tively. The dashed line represents the equality line. 

Table 5 
Pearson and Spearman correlation coefficients achieved by the proposed semi- 
automatic approach.  

EFV Correlations CaSc Dataset CorCTA Dataset 

Pearson coefficient (p < 0.0001) 0.9591 0.9513 
Spearman’s rho (p < 0.0001) 0.9490 0.9319  
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A by epicardial adipose tissue, which has a pro-fibrotic effect on atrial 
myocardium [55,56]. 

These are just the main motivations making EFV segmentation and 
quantification a hot research topic. As a matter of fact, in the future, the 
EFV quantification may become a therapeutic target of pharmacological 
therapies that can act with a positive synergism on the different factors 
responsible for cardiovascular diseases [6,7]. 

Considering these premises, the objective of our study was to develop 
an approach for supporting the clinicians in screening programs of pa
tients’ categories with cardiovascular risk factors. The EFV quantifica
tion could help the cardiologist to gain an in-depth knowledge into the 
analyzed clinical scenario, representing a necessary condition to realize 
a personalized therapy based on patient-specific characteristics. 

Accordingly, we implemented a clinically feasible tool, based on the 
proposed semi-automatic method, able to assist clinicians in the EFV 
quantification routine. Our approach automates and assists the fat 
detection and quantification task, allowing the physician to keep control 
of every processing step; these conditions are necessary for clinically 
feasible and interpretable solutions. Moreover, our design choices 
overcome some typical problems of fully automatic approaches: since 
any a priori or learned knowledge for the setup phase of the system (e.g., 
model construction for atlas-based approaches or training in supervised 
Machine Learning approaches) is needed, the approach can be imme
diately used in the clinical practice. 

The achieved experimental results, in terms of area-based and 
distance-based metrics as well as the correlation between quantified EFV 
and ground-truth, show the accuracy and reliability of the proposed 
semi-automatic approach. Moreover, differently from the existing 
methods, our approach automatically computes both the whole EFV and 
its quartiles. EFV quantification and fat quartiles analysis are clinically 
useful functionalities for the near future: these novel tools will allow 
clinicians to conduct in-depth analyses, as well as to establish mean
ingful associations between fat density and volume quartiles according 
to the clinical scenario. 

The current design choices require the user input for the selection of 
the initial target ROIs that, by means of a smart interpolation process, 
are suitably extended over all the slices to be examined. In the near 
future, the authors aim at further improving this computer-assisted 
segmentation approach, developing an automatic strategy for the 
detection of the bounding region containing the heart [57]. The auto
matic definition of this volume would eliminate any dependency of 
intervention by the operator. For instance, a CNN-based approach could 

be exploited to this purpose. However, the system should be trained by 
providing annotated input datasets along with the corresponding gold 
standard segmentation. Considering the inherent ’morphological vari
ability’ that may be found in the anatomical district of interest, a 
suitable training set of representative cases, both in terms of number and 
diversity, should be provided to cover (mostly) every situation that the 
neural network could encounter, so allowing for good generalization 
abilities. It is important to bear in mind that, even in the case of a fully 
automatic system aiming at the clinical feasibility and applicability, the 
human feedback is always necessary to validate the result of the 
computer-assisted system. In this way, the clinicians will be provided 
with an even more advanced tool, capable of further reducing the 
user-dependence as well as the required workload. 

Lastly, the high-throughput extraction of additional features on the 
CT density (i.e., HU) by means of radiomics approaches might definitely 
be of clinical interest for performing advanced Machine Learning ana
lyses aiming at precision medicine [58]. 
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