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Abstract The excess accumulation of visceral adipose tissue (VAT) and subcuta-
neous adipose tissue (SAT) in the abdomen that causes obesity needs to be measured
precisely for clinical evaluation of obesity. The availability of accurate and reliable
imaging tools is needed to segment and quantify adipose tissues that cause serious
chronic conditions. Computed tomography (CT) and magnetic resonance imaging
(MRI) are the most commonly used imaging modalities to distinguish and quantify
VAT and SAT. However, CT is subjected to ionizing radiation, and so, MRI is highly
preferred. In this work, a fully automated deep learning model has been developed to
segmentation VAT and SAT from MRI images of the abdomen. First, a fully convo-
lutional network (FCN)-based U-Net architecture was used to separate SAT. In the
second step, the K-means clustering algorithm was used to separate the adipose and
non-adipose tissues, thereby extracting the VAT content. The proposed FCN-based
method produced a Pearson correlation coefficient of 0.99 and 0.99 for VAT and SAT
content. The results show that the new FCN method is highly accurate and reliable.

Keywords Obesity · Computed tomography · Magnetic resonance imaging ·
Segmentation · Deep learning · Fully convolutional network

1 Introduction

In humans, body fat is disseminated into twoareas—visceral adipose tissue (VAT) and
subcutaneous adipose tissue (SAT) [1]. Visceral adipose tissue borders the internal
organs in the abdominal cavity, whereas subcutaneous tissue is seen under the skin.
An excess distribution of VAT in the abdominal region is known as central obesity or
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abdominal obesity, closely related tomanyhealth risks like type 2diabetes, cardiovas-
cular diseases, cancer, musculoskeletal disorders, and high cholesterol [2, 3]. Many
methods exist to determine the distribution of body fat. In the past years, anthropo-
metric measurements like body mass index (BMI), umbilicus circumference, waist
circumference (WC), and waist-to-hip ratio (WHR) were considered as easy tech-
niques to estimate the distribution of body fat [4, 5]. But the results were inconsistent
due to the change of body position during measurement. Also, these methods do not
differentiate SAT and VAT [6]. Therefore, there is a necessity for the advancement
of accurate, specific, and reliable tools for the measurement of SAT and VAT.

Many imaging techniques like bioelectrical impedance, dual-energy X-ray
absorptiometry, ultrasound, CT, and MRI have been proposed to measure abdominal
fat distribution [7]. Among these, various research attempts have shown that MRI
is a valuable and reliable tool to investigate and evaluate abdominal fat distribution.
Several approaches for the segmentation of VAT and SAT have been proposed in
the literature that includes manual, semi-automated, and fully automated techniques.
Manual segmentation is the best choice, but it requires trained medical experts and
long time span which is subjected to human errors. As VAT is irregular in shape
and extensively distributed in the abdominal cavity, it is very difficult to segment
VATmanually. To solve this problem, some semi-automated approaches were devel-
oped which consumes less time, but the results are based on the operator. Recently,
various researchers have proposed several fully automatedmethods to segregate VAT
and SAT and produced good results. The automated segmentation methods includes
explicit models [8], random forests [9], multi-atlas segmentation model [10], and
deep learning [11]. There exists various studies that demonstrates the accuracy of
automated segmentation and quantification of adipose tissues using deep learning.
In this work, it is proposed to improve adipose tissue segmentation by using a fully
automatedmethod that combines FCN-based U-Net and clusteringmethod. The core
of this fully automated segmentation method is the clustering in the peritoneal cavity
avoids the misinterpretation of adipose and non-adipose tissues. U-Net is designed in
the form of layers that performs pixelwise predictions of the whole image in a short
duration of time. This provides rapid segmentation of adipose tissues for medical
applications. Experimental results show that this automated method produces high
segmentation accuracy with a Pearson correlation coefficient of 0.99 for VAT and
SAT which is greater than existing deep learning-based approaches. An illustration
of the segmentation of adipose tissues is shown in Fig. 1.

The main objective of this work is the development of an automated adipose
tissue segmentation system using U-Net and K-means clustering algorithm to predict
chronic diseases earlier. The U-Net architecture separates SAT in the abdominal
region from MRI images. The adipose tissues are separated from the background,
and thereby, the VAT content is isolated using K-means clustering algorithm.

The state-of-the-art segmentation methods are reviewed in detail in Sect. 2. The
proposed U-Net based segmentation methodology is presented in Sect. 3. Experi-
mental results and discussion is described in Sect. 4. Finally, the work is concluded
in Sect. 5.
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Fig. 1 Illustration of delineation of adipose tissues. A and B Original T1-weighted MRI slices
of the abdomen C and D Separation of adipose and non-adipose tissues—yellow-coloured area
indicates VAT and orange-coloured area indicates SAT

2 Related Work

Deep learning with convolutional neural networks (CNNs) has become popular in
recent years in areas such as image identification, classification, and segmentation.
SAT and VAT regions were separated byWang et al. [12] based on clustering method
using water–fat separation MRI. First, adipose tissues were separated from the non-
adipose tissues usingK-means clustering algorithm.A deformablemodel initiated by
auniquely generated deformationfield that points to the inner SATboundarywas used
to differentiate SAT and VAT. The advantage of this method is the increased level of
automation and objectivity, as well as less bias among different operators. However,
testing was done only on a specific number of people with dyslipidaemia. Hui et al.
[13] proposed a method using spoke template for separating SAT and VAT.Midpoint
circle algorithm and Bresenham’s line algorithm were used to develop the spoke
template which is round in shape. When the specified condition is met, VAT and SAT
were isolated automatically. This method does not require any user intervention to
produce the segmented output, but a portion of theVAT is left in the SAT results when
the connecting area between SAT andVAT is thick. Langner et al. [14] introduced two
fully convolutional network architecturesU-Net andV-Netwhichwere trained for the
segmentation and quantification of SAT and VAT on MR images. The segmentation
output produced by U-Net is highly reliable and accurate for the quantification of
abdominal adipose tissues. The V-Net is less robust and results in oversegmentation
of randompatterns. Park et al. [15] performed abdominalmuscle and fat segmentation
using deep learning concept. A training dataset consisting of 467 subjects and 883
CT scans was used to develop a fully convolutional network (FCN) model. The
network model resulted in high performance and accuracy, and external validation
was carried out using data from a small number of subjects FCN generated accurate
segmentation results, but in a few cases, the results were erroneous in the validated
dataset related to SAT and muscle fat segmentation.

A graph theoretic segmentation algorithm was introduced by Sadananthan et al.
[16] to segment VAT, deep (DSAT), and superficial (SSAT) from abdominal MRI
images. The segmentation process is carried out in two steps. In the first step, graph
cut method is used to separate SAT and VAT, and in the second step, a modified level
set method is used to distinguish DSAT and SSAT. The segmentation algorithms
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produced the results rapidly, and precise segmentationwas done. Themajor drawback
is that accurate segmentation of VAT and SAT compartments is difficult in lean
subjects. The data was obtained from 44 normal and 38 overweight population for
the segmentation. For the quantification of SAT and VAT fromMRI, Ning Shen et al.
[17] proposed a machine learning technique using IDEAL-IQ sequences. A deep
neural network was trained first to obtain the SAT patterns. Then, VAT clustering
is done using the AFK-MC2 algorithm. Although this method is highly reliable, a
considerable amount of training time is required for the successful completion of the
segmentation process. Kim et al. [17] used a separationmaskmethod to separate SAT
and VAT from CT images. The unwanted space between a closed path and muscle
area is reduced by the separationmask region. The shortest closed pathwas estimated
by the Convex Hull algorithm. Although this method is accurate and reliable, there
is a gap in SAT segmentation because the muscular fat near SAT is included as part
of VAT. A 3D convolutional neural network (DCNet) was presented by Kustner et al.
[18] for separating SAT and VAT on MRI images. Training and testing of DCNet on
whole-body MRI data is done from the epidemiological patient databases of various
multi-centres. It provides a robust architecture and can be generalized to different
sequence of images. The network was not trained to differentiate bone marrow and
other tissues, resulting in misclassifications. The accuracy produced is estimated as
98.4%. Estrada et al. [19] proposed a deep learning pipeline for the segmentation
of VAT and SAT using DIXON MRI images. In this three step process, first, the
localization of the abdominal area is done, next, the adipose tissue segmentation is
done, and finally, aggregation of the previously generated label maps are done. In
this method, the number of training parameters is less which is an added advantage.
When the input images are of poor quality, segmentation reliability decreases. Samira
Masoudi et al. [20] introduced a segmentation method for the separation of adipose
tissues on MR images of the abdomen using cross modality adaptation and deep
learning algorithms. In order to make the separation of adipose tissues easier, a cycle
generative adversarial network (C-GAN) is used. C-GAN converts the MR images
into CT format, and then, two U-Net models separate VAT and SAT. The basic
limitation of this method is the loss of many features during the transformation of
MR images to CT images.

Deep learning models require less pre-processing steps and depend on the avail-
ability of large-scale dataset. For the past few years CNNs have influenced the area
of adipose tissue segmentation. In this work, a new method is proposed to identify
and segment SAT and VAT. For the extraction of SAT pattern, a FCN-based U-Net
architecture was used, followed by K-means clustering for classifying the abdominal
region into adipose tissue and non-adipose tissue and then obtain the VAT pattern.

3 Proposed Methodology

This section covers in detail the structure and technique of the proposed U-Net-based
VAT and SAT separation system and the benefits of using it. The suggested method
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consists of two critical modules: image pre-processing and the development of a skip
connection-based U-Net model for SAT and VAT segmentation.

3.1 Abdominal MR Images Pre-Processing

Although deep learning approaches do not require pre-processing in MR image
segmentation, image enhancement is required to minimise computing costs, elim-
inate false positives caused by MR image bias fields, and get a better result with
limited training data. This proposed abdominal VAT segmentation method uniform
sizing, Gaussian normalization and data augmentation methods are used for MR
image pre-processing.

Uniform sizing

A change in the size and quality of the MR images can be observed when different
configurations of MRI scanners are used for different clinical investigations. Conse-
quently, when the size of the MR images is high, it takes a significant amount of
time and computer power to construct a model. In this proposed study, the image is
resized to a resolution of 256 × 256 pixels before being trained and tested with the
U-Net model.

Gaussian normalization

Due to variations in the MRI scanner, the brightness and contrast of the images
are not uniform in all MR images. Furthermore, MRI scans are frequently obtained
using a variety of collection techniques or methods. This has a significant impact
on the deep learning model’s VAT segmentation efficiency. In this study, Gaussian
normalisation was utilised to reduce segmentation error by uniformizing the MR
images’ luminance and brightness used for theU-Netmodel’s training and validation.
Gaussian normalisation is accomplished through the use of the following formula.

I (x, y, z) = I (x, y, z) − μ

σ
(1)

where I represents the pixel intensity values in MR images, and (x, y, z) denotes
the pixel dimensions. μ and σ represent the mean and standard deviation of all pixel
dimensions, respectively.

MR image augmentation

The primary goal of image augmentation in deep learning models is to produce
a more accurate segmentation or classification model with fewer training images.
In this study, abdomen MR images are rotated artificially in a variety of directions,
including horizontally, 180 degrees, 360 degrees, and vertically. Image augmentation
multiplies the amount of training images by 400%.
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3.2 Skip Connection Based U-Net Architecture for SAT
and VAT Segmentation

FCN architecture is universally utilised in clinical image processing to perform
semantic segmentation. A FCN encodes image pixels into image classes using a
convolutional neural network. FCNs are composed of convolutional, pooling, and
upsampling layers. Images of varying sizes can be handled by FCNs, which is a
notable feature of the technique. The convolution and pooling layers represent the
objects in the image, whereas the up sampling layer indicates the area where the
object is detected. A skip connection is employed in order to maintain the smooth
representation of spatial data that has been lost during the pooling levels of the
network. The U-Net architecture is believed to be the most effective FCN for doing
end-to-end segmentation. The U-Net, which is formed from FCNs, has evolved
into a fundamental network structure for biomedical image segmentation. Figure 1
depicts the complete flow diagram for the automated segmentation of SAT and VAT.
Figure 1 depicts the overall flow diagram for automated SAT and VAT segmentation,
including pre-processing, training, and testing. The proposed skip connection-based
U-Net architecture is divided into threemodules: encoding, decoding and bridge. The
encoding layer receives pre-processed and augmented images as input. The encoding
block is made up of four blocks, each of which has down convolutional layers, a non-
linear activation function, and a max pooling layer. This encoding block’s primary
job is to extract high-level and low-level texture features from the input abdom-
inal MR images. Then, high-level and low-level features with positive values are
chosen and fed into the bridge layer. The bridge module connects the encoding and
decoding modules. The bridge module has two normalisation units, two ReLU units,
two convolutional units and a concatenation unit. Finally, the textural properties of
the MRI fat region are extracted by the decoding unit.

A novel skip connection-based U-Net model is proposed to separate the SAT and
VAT from abdominal MR images in this study. This improved U-Net architecture
establishes skip connectivity between both the up convolution and down convolution
parts to enhance convergence rate and VAT and SAT segmentation efficiency. It
carries out convolution and cropping operations. The yellow arrow on the figure
indicates this. The outputs of the down convolution (1st, 2nd, 3rd and 4th blocks)
are connected to the input component of the up convolutional layer (7th, 8th, 9th and
10th block) in this architecture. The skip connection method can be calculated as
follows:

SC = f (Wl−1Xl−1) + Xl−nl (2)

In Eq. 2, X represents the input, W represents the FCN’s network weight, and
f denotes the non-linear activation function (ReLU). The gradient descent (GD)
algorithm is commonly used to train the FCN model. When using GD to train the
FCNmodel, the gradient vanishing problem emerges. The proposed skip connection
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Fig. 2 The proposed U-Net-based system for automatic VAT and SAT segmentation, includes
pre-processing, training and testing

model more effectively addresses the gradient vanishing problem. As a result, the
proposed U-Net model’s training efficiency has substantially increased.

Adam optimizer is used for training the input images and the related feature maps
[21] for segmentation. Soft-max [22] over the final featuremap andDice loss function
are combined to update the weighing values. Soft-max is defined as,

Sk(L) = exp(mk(L))/

(
k∑

k ′=1

exp(mk ′(L))

)
(3)

wheremk(L) indicates the activation at the pixel position L in feature channel k. Sk(L)
is the maximum-function approximation. The Dice loss function is given by:

D(θ) = 2
∑

L∈ω pθ(L)P(L)∑
L∈ω p(L)2 + ∑

L∈ω pθ (L)2
(4)

where p(L) represents the pixel label, and θ represents the feature map. The weighing
values are calculated as:

rt = ∇θ Dt (θt−1) (5)

st =∝1 st−1 + (1− ∝1)rt (6)
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ut =∝2 ut−1 + (1− ∝2)r
2
t (7)

Here, t represents the time period, st and ut represent the first and second moment
vectors. The rate of exponential decay of the first and second estimation of moments
are α1 = 0.9 and α2 = 0.99, respectively. The entire process flow of the proposed
method is described in algorithm 1.

3.3 Clustering of VAT Based on K-means Algorithm

The automatic segmentation of VAT and the segregation of adipose and non-adipose
tissues are carried out usingK-means (K=2) clusteringmethodbasedon the intensity
of images. Some observations without labels can be clustered using the K-means
clustering algorithm [23–25]; however, the total number of categoriesmust be clearly
represented, such as a total of K categories. It is necessary to find centre of clusters
for each category which is the core of the algorithm. A rough seed point is needed
to induce the algorithm. But it seems to be complex to get an adequate output when
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random seed algorithm is used. Better clustering results are obtained using AFK-
MC2 algorithmwithout the distribution of data. It enhances the creation of initial seed
point, and its clustering speed is also high.TheVATclustering is done in the peritoneal
cavity to avoid misinterpretation of VAT. Several clusters are generated with varying
signal intensity. The cluster whose average intensity was high are considered as VAT.

4 Experimental Results

This study includes 65 non-contrast MRI datasets that is collected at random from
the prospective EISNER trial obtained at NIMS Medical Institute. The study cohort
included people without any previous record of coronary heart disease but with
diabetes and hypercholesterolemia. The population is represented in Table 1. An
average of 55 transverse slices were used per scan, and each axial slice has a dimen-
sion of 512 × 512 pixels of 0.684 mm × 0.684 mm. For the implementation of this
proposed work, a workstation with Dual Intel Xeon Processor E5-2630 v2 (Six-Core
HT, 2.6 GHz Turbo, 15 MB), 4 GB NVIDIA Quadro K5000, 1 × 8 GB DDR3, 1 TB
7200RPM SATA, andWindows 10 Pro workstation is used as a platform. Python 3.7
and open-source machine learning libraries such as Keras 2.2.4, TensorFlow 1.13.1,
and Scikit-learn 0.20.3 have been used for the development of working model.

In thismethod, the SAT results produced by the automatedmethod are represented
as orange-coloured area, and the VAT results are shown in yellow colour as repre-
sented in Fig. 3. In Table 2, the proposed method was compared with the existing
literatures, and it is observed that the proposed method provides a high correlation
coefficient (SAT—0.99 and VAT—00.99).

The suggested VAT and SAT segmentation model’s overall performance is
determined by its total accuracy, which is calculated using Eq. 3.

Accuracy = TN + TP

TP + FP + TN + FN
(8)

This study used the FCN-based U-Net architecture and clustering method to auto-
matically quantify VAT and SAT accurately. In VAT clustering, at certain times, the
non-VAT areas in the peritoneal cavity shows a signal intensity similar to VAT. In
this case, there is a chance for over estimation of VAT content, and so VAT clustering

Table 1 Subject
characteristics

Subjects 60

Male 40

Female 20

Age (years) 4–65

Diabetes 10

Hypercholesterolemia 35
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Input image SAT segmented result VAT segmented result 

Fig. 3 Column1 represents the original image, column2 and column3 indicate the result of
segmentation of SAT and VAT, respectively

Table 2 Comparison performance with recent literatures

Author Segmentation method Total segmentation
accuracy

VAT SAT

Addeman et al. Threshold-based 0.98 0.99

Shen et al. Multi-atlas-based segmentation 0.97 0.96

Jiang et al. Deep neural network 0.96 0.96

Ning Shen et al. Deep neural network 0.99 0.99

Hui et al. Mid-point circle algorithm, Bresenham’s
algorithm

0.87 0.98

Mendez et al. Shape-based Otsu algorithm 0.97 0.98

Kuistner et al. Convolutional neural network(CNN) 0.94 0.94

Estrada et al. Dense fully convolutional network 0.85 0.97

Samira Masoudi et al. U-Net model 0.94 0.97

Proposed method U-Net model 0.99 0.99
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is carried out in the peritoneal cavity contour. To avoid misinterpretation of VAT, the
fat images was mapped to the water images depicted by U-Net peritoneal contour to
obtain the same position.

5 Conclusion

Even though various approaches for VAT and SAT segmentation have been proposed,
this deep learning and clustering-based segmentationmethod improves the efficiency
and accuracy of segmentation. The experimental results shows that there is a good
correlation between the proposed and manual method. The automated segmentation
of adipose tissue volumes are considered to be beneficial for the creation of new
biomarkers of various disorders. This work helps the clinicians to access central
obesity and the risks associated with it by segmenting VAT and SAT. Overall, the
proposed deep learning-based approach could save the excess time that doctors spend
on the segmentation of visceral adipose tissue.
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