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Abstract: Magnification endoscopy with narrow-band imaging (ME-NBI) has been widely used for cancer
diagnosis. However, some microstructures are rendered invisible by a white opaque substance (WOS) com-
posed mainly of lipids. In such lesions, the morphological structure of lipids becomes another marker of tu-
mor grade. We propose a lipid segmentation method. First, the lipid image enhancement algorithm and the
specular reflection correction algorithm are introduced. Then, in the framework of the active contour model,
the proposed segmentation method extracts local information from modified hue value and global informa-
tion from intensity value and adaptively obtains the weight factor to segment the lipid region based on the ini-
tial contour. This method’s effectiveness is verified by a phantom experiment, which shows that it attained
higher than 90% in several key measures: pixel accuracy, sensitivity, and Dice coefficient. The proposed

method can accurately reflect the shape of lipids to provide available information for doctors.
Key words: narrow-band imaging; lipids; segmentation; active contour model; phantom
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1 Introduction

Cancer is a long-term threat to human health,
and the mortality rate of digestive tract cancers has
always been at the forefront of all kinds of cancers!l.
However, the current detection rate of early-stage
digestive tract cancers remains very low, mainly be-
cause early-stage cancer only shows subtle mucosal
changes and is difficult to detect in time. Therefore,
improving the ability to diagnose digestive tract
cancers early is essential.

Endoscopic diagnosis of early-stage digestive
tract cancer mainly includes two steps: the detec-
tion of cancers and the differentiation of cancerous
and noncancerous lesions®?. At present, a variety of
mature image enhancement methods have been used
for screening and detection of early-stage cancer..
Among them, magnification endoscopy with nar-
row-band imaging (ME-NBI) is a very effective
method™?! to help doctors obtain key microstructure
information for early cancer diagnosis. At present,
ME-NBI is widely used to detect digestive tract can-

cerl®l,

doi: 10.37188/CO.EN-2023-0024

On the basis of ME-NBI, the vessel plus sur-
face (VS) classification system using magnifying
endoscopy to differentiate cancerous and noncancer-
ous lesions was first proposed by Yao et al.'®. Fol-
lowing this, a standardized set of diagnostic sys-
tems called MESDA-G was proposed in 2016,

In recent years, a white opaque substance
(WOS) was found on the surface of some tumors.
This WOS is formed by the accumulation of tiny
lipid droplets in and under the epithelium™. It
strongly reflects and scatters visible light, masking
the blood vessels on the surface of the gastric mu-
cosa. This phenomenon was first reported by Yao in
20081, following which WOS was also confirmed
in other areas of the digestive tract, including the
stomach, large intestine, colon, rectum, and duo-
denum® -1,

When the microvascular (MV) and microsur-
face (MS) patterns are covered, differences in the
morphological features of WOS serve as useful in-
dicators in the differential diagnosis of carcinoma
and adenoma '?l. Studies have shown that the WOS
of carcinoma shows a disorganized and asymmetric-

al distribution, forming an irregular speckled pat-
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tern. In contrast, the WOS of adenoma shows a
well-organized and symmetrical distribution, form-
ing a regular reticular/maze-like pattern!'”, In addi-
tion, the coverage area of WOS can also be a useful
indicator when judging the grade of lesions!'”.
However, it is difficult to master the diagnostic
skills of ME-NBI in a short time, so nonprofession-
al endoscopists are more likely to misdiagnose when
facing a large number of ME-NBI images. There-
fore, if the morphology and lipid coverage of WOS
images can be accurately obtained, the diagnostic
accuracy of non-professional endoscopists will be
improved, thus preventing unnecessary errors and
improving patients' health.

Computer-aided diagnosis is premised on im-
age segmentation technology; however, compared
with conventional images, ME-NBI images have
less color space, less rich geometric textures, and
worse lighting conditions, making it particularly dif-
ficult to segment such images. Researchers often
trust doctors to perform manual segmentation''®, but
this practice is time-consuming and laborious. In re-
cent years, some algorithms have been proposed for
lesion segmentation in ME-NBI images!'®*", but
there is no segmentation method for WOS images.
Therefore, the original intention of the research
presented in this paper was to fill the gap in this
area.

Active contour models (ACM) have been
widely used in various fields since the snakes meth-
0d™"! was proposed. The basic idea of ACM is to
represent the active contour as the zero-level set of
the high-dimensional implicit function, called the
level set function, and to evolve the level set func-
tion according to the partial differential equation.
Nevertheless, the classic region-based models are
mainly based on gray images, which are aimed at
blood vessels and optical coherence tomography
(OCT) images. As such, they are not suitable for
processing WOS images under ME-NBI.

We analyse the tissue composition of WOS and

the characteristics of ME-NBI images and then pro-

pose an active contour model based on the local
modified hue value and global intensity value to
segment lipid regions, providing more information
to doctors. The contributions made in the present
paper are as follows.

(1) Enhancing the details and correcting the un-
even illumination under the Retinex framework.
Correcting the specular reflections based on the de-
tail layer.

(2) Proposing the active counter model, which
combines the modified hue and intensity values.
Adaptively obtaining the weight factors of local
and global information and iterating from the ini-
tial contour obtained by the adaptive threshold
method™.

(3) Making tissue phantom with optical proper-
ties similar to those of porcine gastric tissue and
designing experiments to obtain ME-NBI images of
lipids.

(4) Applying the proposed method to ME-NBI
images to verify its effectiveness by comparing seg-
mentation results with the manual annotations based

on three comparison metrics.

2 Proposed method for WOS image
analysis

This section mainly introduces the lipid image
analysis method. First, the pre-processing method is
introduced. Second, the segmentation method based
on local modified hue value and global intensity
value is proposed, including the description of the
(local and global intensity fitting, LGIF) model,
modified hue extraction, adaptive weighting func-
tion, gradient descent flow equation, and imple-
mentation of the proposed method. Finally, the com-
parison metrics are introduced to quantitatively de-
scribe the accuracy of segmentation methods. Fig. 1
summarizes all steps of the lipid image analysis
method.

The arrangements are organized as follows:

Section 2.1 introduces the pre-processing method,
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including enhancing and correcting specular reflec-
tions. Sections 2.2 to 2.5 describe the proposed me-
thod for WOS segmentation. Finally, Section 2.6 in-
troduces comparison metrics used to quantitatively

describe the accuracy of segmentation models.

Input lipids image

Bring the intensity value
into global model

Bring the modified hue
component into local model

Use adaptive thresholding
method to obtain the initial
contour

Segment the image by proposed
model

Quantitative evaluation

Fig. 1 Overview of the systematically analyzing method of

lipid images

2.1 Pre-processing

Endoscopic images often suffer from poorly
defined edges and inhomogeneous illumination, wh-
ich can affect the segmentation accuracy. In this pa-
per, we apply Retinex frame to enhance the images.
First, the base layer b(x) is calculated by convolut-

ing the local Gaussian filter with the original image

Base layer
b (x)

[E N[ Gaussian filter

1 (X)

Detail layer
d (x)

I(x), and the detail layer d(x) is calculated by sub-
tracting b (x) from I(x). Then, by performing homo-
morphic filtering on the luminance channel of b (x),
the inhomogeneous brightness can be corrected to
obtain b'(x). Ultimately, the final enhanced image
g(x) is obtained by amplifying d(x) by some factor
k (> 1), which is then added back to the b°(x):

g(X) =0 (x)+k d(x) 1

When doctors use an endoscope as a diagnost-
ic tool, the specular reflection areas will affect ob-
servation. In addition, the high brightness brought
by specular reflection can affect the area’s average
grayscale or gradient value, thereby affecting the ac-
curacy of segmentation based on global or local val-
ues.

For the lipid images, the reflective areas are
highly pronounced in the detail layer; thus, the his-
togram of the detail layer shows its value as signi-
ficantly higher than the main distribution. As a res-
ult, this part can also be used as the reflective detec-
tion results R;. By inpainting these areas, most spec-
ular reflections can be removed. The specific steps

of preprocessing are shown in Fig. 2.

Correction of
brightness

Enhanced image

Detail enhancement

Detection of

specular reflection

Fig.2 The procedure of pre-processing

2.2 LGIF model

The LGIF model was proposed by Wang et
al? to achieve more accurate segmentation by
combining the advantages of the Chan-Vese (C-
V)% model and the local binary (LBF) model™).

The C-V model is one of the most well-known
region-based models. It performs segmentation
based on the assumption that the original image is

piecewise constant and is insensitive to initial con-

tours. However, the C-V model cannot handle im-
age inhomogeneity, which is very common in med-
ical images.

The LBF model is used to solve this problem
by introducing two spatially varying fitting func-
tions to replace the constants in the C-V model.
However, this localized property may introduce
many local minima, resulting in an incorrect seg-

mentation result. The accuracy of the result is more
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dependent on the initial contour, which will greatly

affect the robustness of the segmentation results.
These two methods are combined by the LGIF

method, which has higher robustness. The energy

function of this method is defined as follows:

ELGIF - (1 !) ELBF + 1 ECV : 2

where @ is the positive constant (0 < w < 1). When
the images are corrupted by intensity inhomogen-
eity, a small parameter value @ should be chosen!?.
The LGIF mentioned above can get comparat-
ively accurate results when processing medical im-
ages such as computed tomography (CT) images.
However, due to the complex texture of lipid
images under NBI and the strong reflection of lip-
ids on the visible light band, it is difficult to distin-
guish between lipid regions and saturated illumina-
tion regions by comparing intensity values. It is also
difficult to segment lipid regions in low illumina-
tion regions, which will result in significant seg-
mentation errors (as shown in Fig. 3, color online).
Therefore, we propose a method that combines the
modified hue value and intensity value to adapt-
ively obtain the weight factors of local and global

information to segment lipid regions accurately.

Fig. 3 Lipid region segmentation results based on the LGIF
model. (a) Intensity value; (b) segmentation con-
tours (red rectangles mark incorrect segmentation

areas); (c) segmentation results

2.3 Local modified hue energy and global intens-
ity energy
If the original image is converted from RGB
color space to HSI color space, the background and

the lipid region can be distinguished because the

mucosa surface appears red or orange under ME-
NBI due to the presence of hemoglobin. Its hue
value is low, while the lipid-covered region appears
blue-green and has a hue value quite different from
the background. Therefore, the hue value can be im-
ported into the active contour model. However,
there is some noise in the low-lighting parts, which
can cause mistakes. Therefore, we introduce the fol-

lowing equation to correct the hue value:

_ () 4(x)

max (1)

I, (x) ; 3

where I, (x) respects the pixel’s hue value and 7, (x)
respects the pixel’s intensity value. The modified
value can ecliminate the noise, and the result is

shown in Fig. 4.

Fig. 4 (a) The pixel’s hue value; (b) the pixel’s intensity

value; (c¢) the modified image

Eventually, the energy functional about the
modified hue value is obtained under the LBF mod-
el. Using the Heaviside function H( )Y, the local

intensity fitting energy is defined as follows:

EX( L) =

W hw _ _ i
1 K (x Mil,0) La(FH( (y)dy dx+
2 K ()C y)JIm ()’) Im2 (x)Jz
(1 H( (y))dy dx ; 4
where is the level set function, K is a Gaussian

kernel with standard deviation , I,;1,, are the
weighted average of the modified hue value in the
Gaussian window inside and outside the contour re-
spectively, and the parameters ;, , are nonnegat-
ive constants.

Since the g-channel contrast of the lipid image
is the highest, the value of the green channel is im-
ported into the C-V model as the global correction

term. The global intensity fitting energy is defined
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as follows:

ES( )= 1 L) o H( (9)dv+
w
» L) ¢ (1 H( ()dy

5

where the constants c¢i; ¢, approximate the image in-
tensity outside and inside the contour, respectively,
and I, is the value of the green channel.
2.4 Level set formulation

Combining the two above energies, the entire

energy function can be defined as:

E'°F (i LaiLaiciicn) =@ w)ES( iLaiLa)+

wEC( jeuc)+ P()+ L() ; 6

where L( ) is length regularization term, and

L()=

w

P()=

smooth contour during evolution and avoid re-ini-

jrH( (x))jdx and extra internal energy

1
E(r (x) 1)°dx are added to derive a

tialization of the level set function™, respectively,
and where >0, >0 ;w0 < w < 1)are con-
stants as the weights of each term.

In practice, the Heaviside function H( ) can be
approximated by a smooth function H-( ). By the
calculus of variations, the functions I, (x); 1,2 (x)

and constants /,;/,,can be computed as follows:

_ LWH( ()
CH( (x)dx

LM H( (9)dx

T B @)
K () H(()L)
I SO R e) R
oK@ @ HCLE

K (x) 1 H-( (x)

Then we can achieve minimization of the func-
tional £ ;l,1;1,02;14;1, in Eq. (6) with respect to

by deducing the gradient descent flow equation

- OErE) Oy s
o ” 1)
r’ div r_ : 1
I

n:%wmnl"K@me)mwmw
» KO D) LooPdy] ; 12

2 2"
1 Ig (x) Igl + Ig (X) Ig2 ;
13

F, =w()c)I

where () is the derivative of H-( ) and w(x) is
an adaptive weighting that adjusts the proportion of
local-based and global-based energy. In the region
close to the edge of the lipids, the weight of the loc-
al term should be increased. In the region far away
from the edge of the lipids where intensities vary
slowly, the weight of the global-based energy
should be increased. Referencing the work of [28§],

the following weight function is obtained:

w(x) =k average(Cy) (1 Cy(x)) ; 14

where £ is a fixed constant selected according to the
gray distribution characteristics of the image, and
Cy 1is the local contrast of the given image, which is
defined as follows:

max (Im)N min(]m)N
max (7,,),

Cy(x) = ; 15
where N is the size of the local window, max(1,)y
and min(Z,,)y are the maximum and minimum of the
modified hue values within this local window, re-
spectively. In addition, max(Z,), represents the in-
tensity level of the image. Cy ranges from O to 1,
and reflects how rapidly the value changes in a loc-
al region. The average(Cy) is the average value of
Cy over the whole image, representing the image’s
overall contrast information. In homogeneous areas,
the global term is dominant, and the weight func-
tion w(x) is large. In inhomogeneous areas, the loc-
al term is dominant and the weight function 1 —
w(x) is large.

2.5 Implementation

The proposed model has a certain sensitivity to
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the initial contour. In order to prevent the selected defined as
initial contour from causing erroneous segmenta- TP+TN
. . . A= ; 17
tion results and reduce the number of iterations, the TP+FP+FN+TN
result obtained by the threshold method is used as as well as the sensitivity
the initial contour. The initial level set function o is TP
Se=———= 18
defined as follows: TP+TN
V12 0 and the Dice coefficient
olx;r=0)= ; 16
1; else 2TP
; 19

where  is the inner region of the initial contour.
The algorithm steps of our method can be written as
follows:

Step 1: Place the initial contour C using the
threshold method and initialize the level set func-
tion .

Step 2: Set the values of various parameters,
suchas , 1, 2 ;, ;kiand

Step 3: Calculate the local term F; and the
global term F,.

Step 4: Evolve the level set function accord-
ing to Eq. (11).

Step 5: Return to Step 3 until the convergence
criteria (the number of pixels that change in one it-
eration is less than 20) is met.

2.6 Comparison metrics

To quantitatively describe the accuracy of lip-
id region segmentation, we uniformly use the accur-
acy, sensitivity, and Dice coefficient to compute the
quantitative accuracy between segmentation results
obtained by segmentation methods with ground

truth (manual annotations). Then the accuracy is

Dual narrow band light

D=—
2TP+FP+FN

where TP denotes true positives, FP denotes false
positives, FN denotes false negatives, and TN de-
notes true negatives. These three indices are com-
monly used to measure the quality of medical im-
age segmentation. Their value ranges from 0 to 1,
with a higher value representing a more accurate

segmentation result.

3 Experiment results and analysis

To verify the effectiveness of the proposed
method, we performed phantom experiments under
ME-NBI imaging conditions. The phantom experi-
ment was conducted on a phantom with an agar
matrix and coated with lipid to simulate the WOS
on the gastrointestinal tract. Phantom experiments
were conducted to evaluate the performance of the
method described in this paper for lipid analysis,
and finally, the comparison metrics of segmentation
are introduced. The specific experimental procedure

is shown in Fig. 5.

illumination
v
Lipid Imaging by
phantom endocytoscope

Pre-processing Quantitative

and segmentation evaluation

Fig. 5 Experimental procedure

3.1 Imaging system

The system used in this experiment is a self-de-
veloped high-magnification endocytoscopic imagi-
ng system with a wide field of view and a maxim-
um magnification of 500 times, which can achi-

eve clear imaging of tiny structures (as shown in

Fig. 6(a)). The light source used in the system in-
cludes three modes: white light, blue-white light,
and blue-green light. The blue-green light source
consists of blue (415 nm) and green (540 nm) nar-
row-band LEDs (as shown in Fig. 6(c)) to illumin-

ate at the same time. The image of each channel is
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fused to obtain the final image after CMOS re-
ceives the signals. The complete prototype system is
shown in Fig. 6. The system’s details can refer to
our earlier published paper?. This prototype sys-

tem captured the phantom images.

Knob for attitude change

Blue LED

Coupling out
White light ©

———Camera

Two lights
(d

Fig. 6 The prototype of the endocytoscopic imaging sys-
tem. (a) The mobile workstation, including the light-
box, the video system center, and endocytoscope;
(b) the knob for amplification and attitude change;
(c) structure of light source; (d) the tip of the endo-

cytoscope

3.2 Phantom creation

All the phantom and in vitro samples were
fixed by 2.5 g agar, 70 ml distilled water, absorber,
and scatterer. The titanium dioxide was used to sim-
ulate the scattering characteristics of biological tis-
suest™ and the absorption of light was simulated by
quinoline yellow and bovine hemoglobin. The solu-
tion was heated and poured onto a 3D printing mod-
el with the classic WOS texture shape, demolded
after solidification at a low temperature, and coa-
ted with lipid to simulate the WOS (as shown in
Fig. 7(a)~7(b) (color online)). The phantom reflect-
ance spectrum was measured by spectrometer and
compared with that of a pig stomach. The results
showed that the phantoms could effectively simu-
late the main spectral characteristics of pig stomach

(as shown in Fig. 7(c) (color online)).

—Pig stomach

05k Phantom

04F

Reflectivity
o
w

0.2+
4

350 400 450 500 550 600 650 700 750
Wavelength/nm

(©

Fig. 7 The experimental subjects. (a) The phantom obtained by demoulding from the 3D-printing model; (b) the phantom

covered with lipid; (c) a comparison of the reflection spectra between the phantom and pig stomach

3.3 Image acquisition

We captured lipid images with different ima-
ging conditions and shape textures using a self-de-
veloped endocytoscope. The NBI model uses two
narrow bands of blue and green light for illumina-
tion, which correspond to two absorption peaks of
hemoglobin, reducing the brightness of the hemo-
globin-containing gastric mucosa surface. In addi-
tion, lipids strongly reflect visible light, so the
brightness and hue of lipids will create a strong con-
trast with surrounding tissues. The comparison res-
ults of phantom images under white light and nar-
row-band light illumination show that NBI has a

significant enhancement effect on lipids (as shown

in Fig. 8, color online) compared with white light
imaging (WLI). On this basis, better observation or

segmentation results can be obtained.

Fig. 8 The color, hue value, and intensity images of
(a) NBI and (b)WLI

3.4 Correction results of specular reflection

The specular reflection correction algorithm
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can improve the observation performance and seg-
mentation accuracy. The correction results are

shown in Fig. 9 (color online).

Fig.9 (a) The enhanced images, (b) reflective detection
results, and (c) inpainting results
3.5 Results of segmentation
The ME-NBI images of phantoms were cap-
tured using the self-developed endocytoscope. The
lipid boundaries in these images are weak, making
segmentation of lipid regions in the background dif-
ficult. However, our method can overcome weak
boundaries and accurately extract regions of in-
terest based on the set initial contours. All codes are
run with Matlab2021a under PC environment (CPU:
AMD Ryzen 7 5800H 3.20 GHz, RAM 16.00 GB).
Unless otherwise specified, the following default
parameter settings were used in the experiments:
0=5.0, t=01, =10,
k=0:1,and =0:001 255 255.

When doctors make a lipid-related diagnosis,

1= =10, time step

the main basis for evaluating the degree of lesions is
the coverage of the lipid region and its morphologic-
al distribution characteristics, both of which can be
obtained through the proposed method. Fig. 10 (col-
or online) shows this method’s segmentation results
on lipid images with different lighting conditions
and morphological features, which shows that the
method can effectively segment lipid regions and
accurately display the morphology of lipid regions.
LabelMe (an image annotation tool)®"! was then

used to manually annotate lipid regions on these im-

ages as ground-truths to calculate segmentation ac-
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Fig. 10 Enhancement and segmentation results. (a) Initial

images; (b) segmentation results; (c) manual an-

notations

Table 1 displays the proposed method’s accur-
acy, sensitivity, and Dice value for each image. The
values of all compared metrics are above 90%.
Overall, this image segmentation model can accur-
ately segment the lipid reion based on the local cor-

rection hue value and global brightness value.

Tab.1 The accuracy, sensitivity, and Dice values of the
proposed method

Test image Al% SJ/% D
Test_1 91.23 90.47 0.9029
Test_2 93.23 91.65 0.9234
Test_3 91.61 93.33 0.9169

Adaptive thresholding is a form of threshold-
ing that accounts for spatial variations in illumina-
tion and uses the result as the initial contour to pre-
vent errors in evolution. In order to verify the signi-
ficance of obtaining the initial contour by the adapt-
ive threshold method in advance, the segmentation
result from the conventional triangular contour was
compared with the result from the counter obtained
by the adaptive threshold method (shown in Fig .11
(color online), where blue lines mark the segmenta-
tion boundary). It can be clearly seen that an initial

profile with regular shapes such as triangles may
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lead to an incorrect result. This is mainly because
the textured shape of the lipid region is intricate and

different from the initial contour.

Fig. 11 Segmentation results of triangular initial contour.
(a) Initial contour; (b) incorrect segmentation res-

ults (blue lines mark the segmentation boundary)

To verify the influence of adaptive weight
factors on segmentation results, the segmentation
results using different fixed weight factors were
compared with those using adaptive weights. The
results are shown in Fig. 12 (color online). The res-
ults indicate that using adaptive weights can im-
prove the robustness of the algorithm, and accurate
segmentation results can be obtained under differ-

ent illumination conditions.
. 5‘1. ’-' ‘ ' ‘w/ g"’p‘l
r‘& ";‘ X W'
E.X‘ 3 f"a&
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Fig. 12 Segmentation results using different weight factors

The accuracy of the proposed method was

compared with three other methods, the C-V model,

LBF model, and LGIF model. For this comparison,
these methods used the same initial contours ob-
tained by the adaptive threshold method. Fig.13
(color online) shows the input images, the results
obtained by the C-V model, the LGIF model, the

proposed method, and manual annotations.
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Fig. 13 (a) Input images; segmentation results obtained by
(b) C-V model; (c) LBF model; (d) LGIF model;

(e) the proposed method; (f) manual annotations

The split CPU time and number of iterations
are shown in Table 2. It can be seen that the C-V
model is very fast, but struggles to obtain correct
segmentation results due to the use of intensity
mean as the only classification criterion. The LBF
model is sensitive to the initial contour. When the
adaptive threshold method result is used as the ini-
tial contour, LBF can obtain more accurate results,
but it takes more time. The LGIF model can seg-
ment images with uneven intensity, but its segment-
ation effect is unstable. From the results, it can be
seen that the proposed method outperforms the other

three models in the segmentation of lipid images.

Tab.2 The segmentation time and iteration numbers

C-v LBF LGIF proposed
iterations Time(s) iterations Time(s) iterations Time(s) iterations Time(s)
Imagel 33 2.6089 19 1.4171 18 1.3352 9 0.8359
Image2 47 3.7690 48 3.6305 64 5.0240 6 0.6095
Image3 27 2.5913 45 4.5998 19 1.7729 9 0.8001

3.6 Results of clinical image

Since this endoscope has yet to obtain a clinic-
al license, clinical images cannot be obtained, so the
published WOS images for lipid area segmentation

are presented as verification of the practicability of

the proposed algorithm. The results are shown in
Fig. 14 (color online). The results show that the seg-
mentation of the lipid region is accurate, which
proves that this method also performs well on clinic-

al images.



i

992

(330

17 %

Fig. 14 Segmentation of WOS images in previous pa-
pers!'® 11 (a) Initial images; (b) segmentation con-

tours; (c) segmentation results

4  Conclusion

We propose a systematic analysis method for
the digestive tract lipid image captured by ME-NBL
First, the image is enhanced under the Retinex
framework, and Specular reflections are corrected.
Second, the lipid region is segmented by the modi-

fied active contour model, which uses a modified

hue value to eliminate noise and improve contrast
and uses the initial contour obtained by the adaptive
threshold method and the adaptive weight factor to
obtain more accurate results. Finally, the accuracy
of the proposed method is quantitatively evaluated
by comparison metrics. The proposed algorithm was
verified by experiments on self-designed phantoms.
The average pixel accuracy of the proposed method
reached 91.11% which demonstrated that the lipid
region can be accurately segmented. At present, this
work is mainly carried out in the laboratory, so we
are planning to carry out more extensive animal ex-
periments and combine our method with clinical ap-

plications in the future.
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