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ABSTRACT

Accurate measuring of subcutaneous adipose tissue (SAT) and visceral adipose tissue (VAT) is vital for the research of many diseases. The localization and quan-
tification of SAT and VAT by computed tomography (CT) expose patients to harmful ionizing radiation. Magnetic resonance imaging (MRI) is a safe and painless test.
The aim of this paper is to explore a practical method for the segmentation of SAT and VAT based on the iterative decomposition of water and fat with echo
asymmetry and least square estimation-iron quantification (IDEAL-IQ) technology and machine learning. The approach involves two main steps. First, a deep
network is designed to segment the inner and outer boundaries of SAT in fat images and the peritoneal cavity contour in water images. Second, after mapping the
peritoneal cavity contour onto the fat images, the assumption-free K-means + + with a Markov chain Monte Carlo (AFK-MC?) clustering method is used to obtain the
VAT content. An MRI data set from 75 subjects is utilized to construct and evaluate the new strategy. The Dice coefficients for the SAT and VAT content obtained from
the proposed method and the manual measurements performed by experts are 0.96 and 0.97, respectively. The experimental results indicate that the proposed

method and the manual measurements exhibit high reliability.

1. Introduction

Obesity is the excessive accumulation of adipose tissue (AT) in the
body and is known to be a key factor in multiple chronic conditions.
Body-fat distribution is more dangerous to health than the overall
amount body fat, and abdominal obesity has been reported to have the
greatest health risks among the different types of obesity [1]. Based on
statistics from the Chinese Center for Disease Control and Prevention,
the mean body mass index (BMI) in Chinese adults aged 18-69 years
increased from 22.7 kg/m2 in 2004 to 23.7 kg/m2 in 2010 [2]. An
epidemiological study reported that 10.6% of 1.38 billion Chinese
people have diabetes, and diabetic patients make up 15.4% and 21.1%
of overweight and obese individuals, respectively [3]. Abdominal fat is
associated with cardiovascular risk factors [4], and the triglyceride
content in plasma and the liver is closely related to abdominal fat
content [5-7]. There is a strong correlation between the VAT content
and insulin resistance [8,9]. Fat not only manifests itself as the “fat”
that can be seen, but it also accumulates around the internal organs and
liver cells.

Abdominal fat analysis includes the assessment of two components:
SAT and VAT. There are many ways to assess obesity in clinical trials;

BMI is one of the simplest methods. However, it is impossible to mea-
sure the values of SAT and VAT. Bioelectrical impedance analysis (BIA)
[10,11] is a common method to estimate body composition, particu-
larly body fat. However, only a few studies report the actual amount of
VAT. The development of imaging technologies, such as CT and MRI,
has promoted the ability to measure fat.

Based on a concrete range of attenuation values associated with fat,
muscle and bone tissue, CT can scan the entire body or a specific region
of the body and generate a cross-section image, which can clearly dis-
tinguish the three tissues. However, patients are exposed to additional
radiation when these measurements are taken. Tong et al. [12] explored
a fuzzy model for the segmentation of the SAT and VAT components of
chest fat. Kim YJ et al. [13] detected SAT and VAT levels using a se-
paration mask based on muscles of the human body. Wang et al. [14]
proposed a CNN framework consisting of two steps with a selection
CNN and a segmentation-CNN to classify SAT and VAT. Weston et al.
[15] used deep learning to perform abdominal VAT and SAT segmen-
tation.

At present, body fat assessment can also be performed via the
multiecho Dixon technique. The Dixon technique uses a spectral model
to derive chemical shift-separated water and fat images from multiple
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source images acquired at different echo times [16]. The three-point
Dixon (3PD) method is capable of proper fat and water signal assign-
ment [17]. R2* mapping obtained according to T2* can analyze iron
deposition in the liver and other parts [18]. For the diagnosis and
quantification of fat, MRI is more sensitive than CT. The state-of-the-art
technology of the 3PD method is IDEAL-IQ. The algorithm is designed
to accommodate multiple spectral peaks of fat and leads to more ac-
curate triglyceride fat fraction modeling and estimation [19,20]. By
removing the effect from multiple chemical components, IDEAL-IQ
improves the accuracy of AT quantification [21]. In a single scan,
IDEAL-IQ produces six sequences: water images, fat images, fat fraction
images, R2* relaxation images, in-phase images and out-phase images
[22,23]. This technology has been indicated to be a very convenient
and powerful method to measure fat fraction, and it is helpful for ac-
curately assessing changes in fat content during disease progression.
Wang et al. [24] separated the SAT and VAT regions in fat-water se-
paration MRI based on a clustering method. Hui et al. [25] proposed an
approach for the segmentation of SAT, VAT and bone marrow adipose
tissue. Sun et al. [26] integrated some medical image processing
methods to quantify AT. Sadananthan et al. [27] developed a seg-
mentation method to classify deep and superficial subcutaneous tissue.

In our study, we present a new method for SAT and VAT segmen-
tation in IDEAL-IQ sequences. A deep neural network model was
trained to extract the SAT pattern. The AFK-MC2 algorithm [28,29] was
employed for accelerating clustering to obtain the VAT pattern. We
address an independent, precise model for SAT and VAT segmentation
with learning. By comparing a large amount of test data with manually
measured results, the technical and clinical utility of the proposed
method is verified and evaluated.

We describe the materials and methods in Section 2, the experi-
ments and the results in Section 3, and we provide a discussion in
Section 4. Finally, we conclude the paper in Section 5.

2. Material and methods
2.1. Subjects

In this study, all 75 subjects (male: 27, female: 48, age range:
29-94 years, mean age = 53.44 + 11.79years) were from The First
Hospital of Jilin University. Abdominal MRIs from the subjects were
utilized for modeling and testing.

Our research was retrospective, and the data are from March 2018
to September 2018. The hospital's ethics committee approved all stu-
dies included in this analysis. To limit possible postprandial effects, all
the subjects fasted for 4 h before the MRI examinations. The duration
for one test was approximately 5 min. The authors had no control over
the data for the duration of the study. The patients' personal informa-
tion was removed to protect their privacy.

2.2. MRI protocol

Patients were examined on a three Tesla (3 T) MRI clinical scanner
(GE Medical Systems, Discovery MR750) using a quadrature body coil
as the transmitter and receiver to acquire all images. Before scanning,
patients were trained to hold their breath for > 20s at the end of ex-
piration. With the patients lying supine, the shoulders fitted closely
against the coil, and the scan center was located at the xiphoid process.
The scan included the region from the diaphragm to the belly button,
and the patients used a respiratory door control hose.

IDEAL-IQ generated water images, fat images, fat fraction images,
R2* relaxation images, in-phase images and out-phase images in one
scan (see Fig. 1). The sequence parameters were TR/TE = 3.8/
1.724ms, flip angle=12°, NEX=1, FOV=90mm, ma-
trix = 512 X 512, slice thickness = 5.6 mm, slice gap = 0, slice
number = 76, ETL = 1, band width = 781.25, and a single-breath-hold
scan duration = 20s. The imaging and spectroscopic pulse sequences
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were performed in a single-breath-hold acquisition.

In this study, SAT and VAT were quantified based on water image
sequences and fat image sequences in IDEAL-IQ. The significance of the
water images participating in the experiment is that they have clearer
peritoneal cavity contours than the fat images. We mapped the peri-
toneal cavity contour obtained by the automatic segmentation algo-
rithm onto the fat images for the next step of VAT clustering.

2.3. Data augmentation

It is commonly known that the more data a deep learning model has
been fed, the more effective it can be. Training deep neural networks
for processing medical images is challenging due to the relative lack of
large labeled datasets [30,31]. Data augmentation is a way to reduce
overfitting. The main methods directly seek to augment the input data
to the model, such as cropping, mirroring, color casting, scaling and
rotation. In fact, not all data augmentation methods can be casually
used. If robustness cannot be guaranteed, these methods will bring
uncontrollable and harmful effects that will interfere with the con-
vergence of the model.

We only increased the amount of training data, while simulta-
neously expanding the image data and the label data; otherwise, the
new image would lack corresponding label data. The experimental re-
sults show that polar transformation and affine transformation improve
the Dice results, but we cannot guarantee that the methods are useful
for other data.

2.4. Experimental environment and data labeling

The experiment was performed on a PC with a Windows 10 64-bit
operating system with an Intel i{7-6800K CPU, 16 GB RAM, and an
NVIDIA GeForce GTX 1080 video card. The deep learning network was
developed on Keras with a TensorFlow backend. The program design
languages are Python 3.6 (deep network design) and MATLAB® 2016b
(MathWorks Inc., USA) (including preprocessing, data augmentation,
and statistical analysis).

Three experts using in-house developed software took the manual
measurements in this paper. The manual results were used as the
ground truth data (see Fig. 2) for the comparison with the automated
method results. Three radiologists marked the ground truth regions.
The average age of the three radiologists is 37.7 years (range,
28-49years), and the average of number of years of experience is
12.3 years (range, 2-24 years). Radiologist 1 (HMZ, chief physician,
24 years of experience) delineated the VAT. Radiologist 2 (LZ, 11 years
of experience) outlined the peritoneal cavity contour. Radiologist 3 (SZ,
2 years of experience) labeled the inner and outer boundary of the SAT.
Each doctor was responsible for delineating a type of ground truth, but
to ensure the accuracy of the label, the other two radiologists in-
dependently checked these labels. Ground truth regions were generated
for all 75 subjects.

2.5. Methodology for SAT/VAT segmentation

Fig. 3 shows the flow diagram for automating the quantification of
SAT and VAT. The deep network completes the SAT quantification. The
VAT quantification system consists of two main parts: the segmentation
deep network and AFK-MC? clustering [32,33].

2.5.1. U-Net architecture

Deep learning is an important branch of machine learning. Deep
neural networks extract patterns from data to solve complex problems,
and deep learning shows breakthrough performance in image-related
tasks. Radiology obtains information from images, so it is a very natural
field for applying deep learning. At present, deep learning has shown
promising performances in computer-aided diagnosis (CAD), including
medical image detection [34-37], segmentation [38-42], classification
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IDEAL-IQ simultaneously produces water image, fat
image, water-fat inphase image, water-fat outphase image,
fat fraction image, and R2" relaxation image in one scan.
Water phase and fat phase of inphase images are consistent
in phase. Water phase and fat phase of outphase images are
opposite in phase. Fat fraction image is the fraction of fat
in water and fat. R2" relaxation image is 1/T2*. T2" is
effective transverse relaxation time. R2" value has a
positive linear correlation with iron content. The curve
figure above shows the 6-echo multi-echo acquisition T2"
decay curve.

Fig. 1. Six sequences generated by IDEAL-IQ technique.
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Peritoneal Cavity Contour

WATER IMAGE

Fig. 2. The ground truth of SAT and VAT are outlined based on the fat images. The ground truth of peritoneal cavity contour are drawn based on the water images.
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Fig. 3. Flowchart of the segmentation of SAT/VAT. The background of pink is the segmentation process of SAT, and the background of blue and green is the
segmentation process of VAT. (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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Fig. 4. U-Net architecture in this paper. All convolution processes use a filter size of 3 X 3. All max pooling layers and up-convolution filter size is 2 X 2. The padding
for the convolution operation is the same.

[43-47] and others [48]. Segmentation is the most common task in pooling and upsampling layers, but they do not have a fully connected
CAD. layer. FCNs can work on images of all sizes. The convolution and

Fully convolutional networks (FCNs) are architectures of deep pooling layers are used to capture what is in the image, while the up-
neural networks that promote image semantic segmentation from the sampling layer is used to localize where an object is. Skip connection is
image-level to the pixel-level. FCNs are composed of convolution, often used to recover the fine-grained spatial information which lost in
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the pooling layers. Compared with ordinary images, medical images
have a large grayscale and unclear boundaries. The most successful end-
to-end segmentation FCN is the U-Net framework [49]. U-Net evolved
from FCNs and became a general network structure in biomedical
image segmentation. The underlying information combines with high-
level information to improve the segmentation effect. Copy processing
(see Fig. 4) is often used to fully recover the fine-grained spatial in-
formation. Since it is one kind of FCN, the input is flexible in terms of
size in both 2D and 3D data.

In this work, a deep network completed two tasks: SAT segmenta-
tion in fat images and peritoneal cavity contour segmentation in water
images. Fig. 4 demonstrates the training procedure of our method. In
the case of a batch size of 10, we used the Adam optimizer with a
learning rate of 0.0001 to train the input images and their corre-
sponding segmentation feature maps. We used softmax over the final
feature map combined with the Dice loss function to update the weight
parameters.

Soft-max is defined as following:

P = exp(ax CO)/( X, explax (X)) ) W

where ai(X) represents the activation in feature channel k at the pixel
position X € Q with Qe 72. pr(X) is the approximated maximum-func-
tion. The Dice loss function is:

2 erﬂ pe (X)p(X)
ngg p(X)2 + ern Pg (X)2 (2)

where p(X) is the label for each pixel; 0 is the feature map. The weight
parameters are then computed as:

g = Vo J(6-1)

I®=1-

m; = ﬁl'mt—l + (1 - 61)'g1

Ve = Byovier + (1 — By)eg] 3)

m; = my/(1 - ﬁ;)
%=wQ - tz)

6 =811 — aem /(% +¢)

where t is the time step. m; and v are the 1st and the 2nd moment
vector, and are initialized with a zero vector. The exponential decay
rate of 1st and 2nd moment estimation are 31 = 0.9 and B2 = 0.999,
respectively. e = 1 X 10-8 used to prevent the denominator from being
zero.

We utilized 65 subjects' IDEAL-IQ sequences (fat images and water
images) to construct U-Net architecture for SAT segmentation, VAT
segmentation and the peritoneal cavity contour segmentation.
Removing the spine and ribs in advance will improve the accuracy of
intra-abdominal fat segmentation. A deep learning method was used to
accurately locate the peritoneal cavity contour. All slices (N = 760)
from the remaining 10 subjects were used to test the SAT and VAT
segmentation network. The mean Dice coefficients of the SAT and VAT
segmentation network were both 0.96.

2.5.2. Clustering based on AFK-MC?

In this paper, AFK-MC?-based clustering (preset K = 2, AT and non-
AT) automatically performed VAT segmentation inner the peritoneal
cavity contour in fat images. The pseudo code of AFK-MC? is as follows
(see Table 1).

First, AFK-MC? was adopted to produce demonstrably good seeding
and accelerated the sampling. The key to this approach is that it uses a
Markov chain to treat the data points as state points. The first state is a
data point that is randomly sampled through a random process to de-
termine whether the state of the chain is transferred to other random
data points and whether the state transition is independent of the initial
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distance of all points (i.e., the stable state of the Markov chain is in-
dependent of the initial state). The initial distance is calculated only
once as part of the pre-processing phase. Next, the mini-batch K-means
algorithm reduced the computation time. This algorithm is an iterative
clustering algorithm that uses distance as a similarity index to find K
classes in a given data set. AFK-MGZ-based clustering can classify the fat
in the peritoneal cavity into AT and non-AT. The mean Dice coefficient
of the VAT segmentation based on AFK-MC? was 0.97.

3. Results

Using the above model, we can obtain the SAT and VAT measure-
ments by directly entering the fat images and water images, which is
necessary to evaluate the accuracy and reproducibility of the results to
guarantee the availability of the method.

3.1. MRI evaluation

In our method, the SAT and VAT pixel points obtained by the au-
tomated method were defined as foreground objects and were filled in
white. The background (nonfat) was filled in black (see Fig. 5). The area
of AT on each slice of the fat images was calculated as the number of
foreground pixels multiplied by the size of each pixel. The volume of AT
was calculated by summing the area of fat in each slice and multiplying
by the thickness of the slice. Finally, the total SAT and VAT volumes
were calculated by summing the respective volume accumulations.

3.2. Evaluation results

To validate the method, the areas of SAT and VAT were measured
using the automated method, and the results were compared with the
ground truths. The method was evaluated by the percentage mean error
(PMR), the percentage mean false-positive errors (FPE), the percentage
mean false-negative errors (FNE), and the Pearson correlation coeffi-
cient (PCC), as well as intraclass correlation coefficient (ICC). The
statistical results are presented in Tables 2 and 3.

There is an excellent correlation between the proposed method and
the ground truths (the PCC of both the SAT and VAT comparisons
are > 0.990). Moreover, the ICC between the proposed method and the
results of the manual measurements indicate a high reliability
(P < 0.001). The SAT and VAT content obtained by the automated
method are both larger than the ground truths. The FPE for both SAT
and VAT is higher than the respective FNE. The FPE and the FNE for
SAT are higher than the values for VAT. The mean FPE and the mean
FNE for SAT and VAT are < 5%. The mean differences of SAT and VAT
between the proposed method and ground truths are < 2%.

The Bland-Altman plot displays the distribution of the differences
between two measurements. On the vertical axis, the mean of the dif-
ference is the mean reference line. The 95% agreement limits can be
calculated from mean difference (the estimated bias) and the standard
deviation of the differences (mean *+ 1.96SD). Fig. 6a indicates that
the mean difference between the proposed method and the ground
truth is positive, which means that our method slightly overestimates
SAT relative to the ground truth. Fig. 6b shows that the mean difference
is also positive, which means our method also slightly overestimates the
VAT area relative to the ground truths. The mean difference of the SAT
is larger than the VAT, while the standard deviation of the SAT is
smaller than that of the VAT. According to the plots, there is no sig-
nificant correlation between the quantitative results and the quantita-
tive errors.

To compare the data distributions of the test results and the ground
truth, we used a box-plot (see Fig. 6¢). The maximum value, the
minimum value, the upper quartile and the lower quartile of the SAT
ground truth are greater than the test. However, the median value of
the SAT for the ground truth is less than the test result. Regarding the
maximum value, the median value, the upper quartile and the lower
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Table 1
The pseudo code of AFK-MC2.
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Algorithm: AFK-MC? sampling and mini-batch K-means

Require: Mini-batch size b, iterations t, data set ', centers k, chain length m
// AFK-MC? sampling
// Preprocessing step
1: ¢; sampled from 2" at random, 2" = {x1,X2, -, Xn}
2:forall x € 2" do
3 q(zle) =dx, )2 e, A c1)? +1/2 121
4: end for
// Main loop
5: C1 < {c1}
6: fori=2,3, -, kdo
7: x sampled from 2" using q(x)
8: d, < d(x,C;_1)*
9: forj=2,3, -, mdo
10: y sampled from 2 using q(y)
11: dy, < d(y, Ci—1)?
12: if 299> Unif [0,1]
13: then x <y, d, < d,
14: else x < x, dy, < d,
15: end if
16: end for
17: C;< Ci—1 U {x}
18: end for
19: return Cy

// Mini-batch K-means

20: v<=0

21:d[c] <= @

22: fori=2, 3, -, t do

23: M< b examples picked from 2 at random
24: for xe M do

25: ¢ < f(Ck,x)

26: d[c] < d[c] U {x}

27: end for

28: for xe M do

29: ¢ < f(Cy,X)

30: Cx < Cx\{c}

31:v[c]l < vlc] +1

32: p<1/v[c]

33 c«— (1 — e + ux

34: Cr < Cru{c}

35: end for

36: end for

37: return C = {d[c,],d[c2],---,d[cx]}

Fig. 5. VAT clustering results. From left to right, the original image, the clustering result, the enlarged image in order and zoom in to the pixel level for the second
time. The area of fat is equal to the number of white pixels multiplied by the actual size of each pixel.

quartile of the VAT, the ground truth is greater than the test results. For
the minimum value of the VAT, the ground truth is less than the test
results. The plot illustrates that the test results and the ground truth
distribution are highly similar. This proves that the experimental
method is feasible for quantitative SAT and VAT measurements.

Table 2

4. Discussion

Although various approaches have been proposed, an end-to-end
segmentation model for SAT and VAT has yet to be developed that
improves the efficiency and accuracy, especially for MRI. To achieve
this goal, we attempt to develop and validate a new method inspired by

SAT and VAT contents resulting from the proposed method and the ground truth (N = 760).

Measurements area (cm?) Proposed method vs ground truth

Proposed (ecm?) Ground truth (cm?) PMR (%)* PCC FPE (%) FNE (%)
SAT 106.308 + 38.632 106.613 + 38.596 —0.346 = 2.731 0.997 3.802 + 1.957 4.147 + 2.074
VAT® 90.381 =+ 47.841 89.894 + 48.201 0.715 + 3.828 0.998 3.145 * 2.619 2.430 = 2.795

2 PMR represents the difference between the proposed method and ground truth.
> VAT represents the AFK-MC? based VAT segmentation.
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Table 3
Comparison and verification between the automated method and the ground
truth (N = 760).

Area (cm?) F P value® ICC P value”

SATaut0 106.308 = 38.632 0.024 0.878 0.997 < 0.001
SATground truth 106.613 + 38.596

VAT  sut0 90.381 + 47.841 0.039 0.843 0.996 < 0.001
VAT('gmund wuth 89.894 + 48.201

@ P value for ANOVA test.
> p value for ICC.
© VAT represents the AFK-MC? based VAT segmentation.

deep learning and clustering. This study used IDEAL-IQ to auto-
matically and accurately quantify abdominal SAT and VAT. The ad-
vantages are an increase in the degree of automation and objectivity, a
more accurate segmentation result, and a model that requires only a
small amount of label data.

In the fat sequence, the spine and ribs and nearby non-VAT areas
show a similar signal intensity to VAT. If clustering is directly carried
out in fat images, some nonfat tissue will be incorrectly classified,
which will lead to an overestimation of the VAT content, and it is the
reason why we operate VAT clustering within the peritoneal cavity
contour. The experimental results show that we obtain the expected
results.

The advantage of the proposed method is that it is unsupervised and
does not require labels for VAT segmentation. VAT lacks clearly de-
finable boundaries. Unlike with SAT labeling, it is more difficult to
obtain the VAT ground truth regions. Water image sequences and fat
image sequences are acquired simultaneously in IDEAL-IQ, and they
have an accurate position correspondence. To eliminate the false de-
tection of VAT, the peritoneal contour depicted by U-Net with water

(a)

auto SAT - ground truth SAT (sz)

120 140 160
average SAT area (sz)

60 80 100 180 200 220

(b)

auto VAT - ground truth VAT (sz)

-20

25 L L
50 100 150 200

average VAT area (sz)

64880
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images could map onto the fat image to obtain the same position.
Therefore, the VAT pattern can be obtained in fat images.

The K-means clustering algorithm can cluster some observations
without labels, but there has to be a clear total number of categories,
such as those with a total of K categories. The core of the algorithm
involves the need to find cluster centers for each category. A random
seed point is required to initiate the algorithm. However, it is difficult
to obtain an optimal solution using a random seed algorithm. The AFK-
MC? algorithm can obtain better clustering results without assuming a
data distribution. It improves the generation of initial seeds, and its
clustering speed is several orders of magnitude higher than the current
best K-means+ + clustering method. Between the solution quality and
computational cost, the sampling algorithm is an agreeable compro-
mise.

Our approach combines supervised and unsupervised learning. The
improvement gained by combining different methods of machine
learning is encouraging. The use of machine learning methods for SAT
and VAT quantification has broad prospects and far-reaching sig-
nificance. However, our scheme still faces some problems: 1) although
the quantification process is quick, the deep learning network requires a
certain amount of training time; 2) multicenter data should be col-
lected; and 3) the scans include the region in the upper abdomen from
the diaphragm to the belly button but not to the coccyx.

5. Conclusions

The purpose of this paper is to develop and validate a new method
to quantitative abdominal SAT and VAT using IDEAL-IQ images. There
is an excellent agreement between our method and the ground truth.
The method has the merits of high operation convenience and accuracy.
The quantification results would contribute to developing the CAD
system and improving the working efficiency of radiologists.

BN VAT Auto Method

200

150

Fat area(cmz)

100

50

SAT VAT

Fig. 6. Bland-Altman plots reflect the difference between the automatic method and the ground truth. The abscissa indicates the average of the area measured by the
proposed method and ground truth in each slice. The ordinate represents the area value of each slice automatic method minus the ground truth. The solid line denotes
the mean difference. The dashed line denotes the difference that is 1.96 standard deviations away from the mean difference. (a) and (b) represent SAT area and VAT
area between the proposed method and the ground truth separately. The box-plot (c) reflects the distribution of test results and ground truths. SAT Auto Method and
SAT Ground Truth express the distribution of test result and ground truth of SAT, respectively. VAT Auto Method and VAT Ground Truth express the distribution of

test result and ground truth of VAT, respectively.
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