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Abstract

Aiming at the problems of intensity inhomogeneity, boundary blurring and
noise interference in the segmentation of three-dimensional volume data (such
as medical images and industrial CT data). In this paper, the hidden Markov
random field based on Gaussian mixture model is used for the initial segmen-
tation of volume data, and the statistical and spatial information of the image
is effectively used to obtain a reasonable initial contour and region division.
Then, the level set method is used for fine segmentation to accurately capture
the complex boundary shape in the image, which has good adaptability to the
change of the target boundary and makes the segmentation boundary more
accurately fit the target area. This improvement takes into account the ration-
ality of the initial segmentation and the accuracy of the fine segmentation. The
experimental results verify the effectiveness of the proposed method in image
segmentation.
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1. Introduction

Three-dimensional CT imaging technology is widely used in industrial detection
and medical diagnosis due to its advantages of no damage and high resolution [1].
However, due to the influence of non-ideal factors (detector defects, noise, scat-
tering, polychromatic rays, etc.) in industrial computed tomography (ICT) imag-
ing system and imaging process, CT images generally contain scattering artifacts

[2], beam hardening artifacts [3], noise [4], intensity inhomogeneity, boundary
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blurring, high data dimension and complex structure, which make it difficult for
traditional segmentation methods to take into account the robustness and accu-
racy of segmentation.

The main challenge of image segmentation is that the segmented image usually
contains noise, intensity inhomogeneity and artifacts. Most of the existing seg-
mentation methods are two-dimensional, which can be divided into threshold-
based segmentation method [5], region-based method [6], deep learning-based
method [7] and partial differential equation-based method [8]-[10]. The segmen-
tation method based on threshold and region is sensitive to noise. The deep learn-
ing model is particularly superior in processing volume data with complex struc-
ture and variable morphology. In order to improve the segmentation accuracy of
brain tumors, Daimary [11] proposed a hybrid model combining multiple convo-
lutional neural network architectures, such as U-Net and ResNet. In order to ob-
tain a flexible and effective brain tumor segmentation system, Ranjbarzadeh [12]
proposed a simple and efficient cascaded convolutional neural network (C-Con-
vNet/C-CNN). The model can extract local and global features on two different
routes, but this method requires a large amount of dual-label data and a long time
for pre-training. There are many types of industrial parts, and the structure is
complex, so it is difficult to obtain an ideal training set. The active contour model
(ACM) [13] does not require labeled data to guide segmentation, so it takes less
time. With continuous exploration, ACM has become one of the most widely used
and effective methods.

Osher and Sethian first proposed the level set (LS) method [14], and this
method can be extended to higher dimensions, which provides a solid foundation
for volume data segmentation. Volume data segmentation is to extract the target
area with specific semantics from complex three-dimensional data. In the field of
medical imaging, accurate organ or lesion segmentation is the basis of disease di-
agnosis and treatment planning. In the field of industrial inspection, component
segmentation of 3D CT volume data is very important for product defect detection
and quality evaluation. The numerical calculation of the level set method can be
performed on a fixed Cartesian grid, which greatly promotes the further develop-
ment of the level set method and its application in image segmentation [15]. For
example, He et al [16] proposed an improved three-dimensional edgeless active
contour model (Chan-Vese model, referred to as CV model), which extended the
level set method to three-dimensional space and applied it to the segmentation of
CT volume data. This has brought great development to volume data segmenta-
tion based on level set. In order to achieve high-precision segmentation of ICT
volume data, Huang et al [13] proposed a level set segmentation method based
on three-dimensional multiplicative additive model and achieved success.

The level set method can naturally handle topology changes and optimize
boundaries, but it is sensitive to initialization. If the position of the initial contour
is far away from the target area, it will increase the number of iterations and even

lead to local optimum. The unreasonable form of the initial level set function will
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affect the stability and computational efficiency. The shape is greatly different
from the target, and it is easy to miss details or over-segment. Therefore, designing
a segmentation framework that integrates statistical modeling capabilities and
boundary optimization capabilities is of great value for improving the segmenta-
tion performance of 3D volume data.

Markov random fields (MRFs) are widely used in image segmentation [17]. Its
success is largely due to efficient algorithms, such as the combination of “data
faithfulness” and “model smoothness” [18]. It is generally assumed that the inten-
sity distribution of the region to be segmented in the image obeys the Gaussian
distribution. Compared with the single Gaussian distribution, the Gaussian mix-
ture model (GMM) method is more powerful in simulating the complex intensity
distribution of the image. Wang et al [19] proposed a GMM-based HMRF model
(GMM-HMREF), which uses Gaussian mixture model to adapt to complex gray
distribution, and realizes the alternating optimization of parameters and labels
through EM algorithm, which improves the segmentation robustness of 3D vol-
ume data. However, the segmentation accuracy of this method at fine boundaries
still needs to be improved, and it is difficult to meet the needs of high-precision
applications.

In order to achieve accurate segmentation of volumetric data with intensity in-
homogeneity, fuzzy boundaries, and noise interference, we propose a 3D CT im-
age segmentation method based on HMRF-EM and level sets. First, the initial seg-
mentation of the volumetric data is obtained using HMRF-EM, which is then used
as the initial contour for the level set. Finally, a refined level set segmentation is
performed, enabling the segmentation boundaries to fit the target region more
precisely, thereby combining the rationality of the initial segmentation with the
accuracy of the refined segmentation.

The organization of this paper is as follows. In Section 2, we introduce the re-
lated work of this paper and the proposed method. Section 3 presents the experi-

mental results of our model. Section 4 is the conclusion.

2. The Proposed Model
2.1. HMRF-EM Framework

The HMRF-EM framework was first proposed for magnetic resonance brain im-
age segmentation. Now, we use a segmentation method that combines the HMRF-
EM framework with a Gaussian mixture model to segment three-dimensional vol-
umetric data, and use it as the initialization for the level set method. First, we as-
sume that the image is a two-dimensional grayscale image, and the intensity dis-
tribution of each region to be segmented follows a Gaussian distribution. Let the
image Y = (yl,---,yN), where N is the number of pixels, and each y, is the
gray-level intensity of the pixel. we assume that each pixel corresponds to a spe-
cific label, ze. X =(x,,---,x, ), where x, €L, L isthe setofall possible labels.
Normally, in the binary segmentation problem, we label L =0,1. Henceforth, ac-
cording to the MAP guideline, we are looking for a label that satisfies:
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X" =argmax {P(Y| X,0)P(X)} (1)

The prior probability P(X) here is the Gibbs distribution, and the joint like-
lihood probability is:

P(Y\X,@)zHP(y,-|X7®):Hp(y"|x“9xf) 2

where P( Vilx.0, ) is a Gaussian distribution with the parameter
0, =(u,.0,).

In order to find the label X, we use the EM [20] algorithm to estimate the pa-
rameter set @ = {91 |l e L} , and the parameter set ® and the label X are
learned alternately.

Let G(z;6,) isa Gaussian distribution function with the parameter

‘91:(/‘1:01):
_(Z_ﬂz)z
5 3)

We assume the prior probability is:
1
P(X):Eexp(—U(X)) (4)

where Z =) Xey exp(—U (X )) is a normalized constant, making the sum of
P(X) of all label configurations 1, where y is the set of all possible label con-
figurations, and U (x) is a priori energy function in the form of:

U(X)=2V.(X) (5)

ceC

where V¥, (X) isthe clique potentialand C is the set of all possible cliques.
In the image domain, we assume that one pixel has at most 4 neighbors: the
pixels in its 4-neighborhood. Then the clique potential is defined on pairs of

neighboring pixels:

Vc(x,.,xj)zé(l—lxhx/_) (6)
where
B 0, ifx; #x;
IX"’"!' 1, if X, =X, @)

Thus assuming

P(Y|X’®)=Hp(yi |xi’6x,-)
=[16(»:6,) )
:%exp(—U(Y|X))

where G( V30, ) represents the GMM likelihood probability of a single voxel,
Z'= zyexp(—U(Y | X)) is also a normalized constant. Given ¥ and O, the
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likelihood energy is cast as:

U(Y|X,®)=ZU(yl. |x,,0)

2
yi _lux,- (9)
= Z,: %+ lnaxl_

X

Under these assumptions, the HMRF-EM algorithm is as follows:
1) First, use the kmeans method to initialize the parameter set 0.

2) Atthe ¢ -th iteration, calculate the likelihood distribution P! ( Vilx,6, ) .

3) The label is estimated using the current parameter set e by the above
energy estimation method, that is, the maximized posterior probability is equiva-
lent to the minimized total energy, which is achieved by the negative logarithmic
transformation of the probability, combined with the definition of a priori prob-
ability and likelihood probability, we have:

X" —argmax {P(¥| x,0") P(X)|

Xey

epml {5}
= argmin{—lnP(Y | Xs®(t))—1nP(X)} (10)

Xey

= argmin{U(Y | X,®(’))+U(X)}

Xey

4) Calculate the posterior distribution forall /e L andall pixels y, usingthe

Bayesian rule:

G(r:6)P(1]4)))

PY(1]y)= (11)
( |y1) P(t)(yl)
where xx) is the neighborhood configuration of xl.(’) , and
P (3,)=26(5:6)P(11)) (12)
leL

Note that the posterior probability of label / given the neighborhood features

X, isdefined as:
i

P(l|x%?):%exp(—z Vc(l,xi.’))j (13)
JjeN;

5) Use PY(1] ¥;) to update the parameters:

(+1) _ ZiP([) (Z | yi)yi

14
4TS (1) o
() _ ey
(o'l(m))z:ZiP (”JG)(JG H ) (15)
Z[P(')(”yi)

In the previous assumption, the intensity distribution of each region to be seg-

mented follows a Gaussian distribution with parameters 6_= ( U, 0, ) How-
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ever, this assumption is insufficient to capture the complexity of object intensity
distributions in real-world scenarios. In contrast, a Gaussian Mixture Model
(GMM) is more powerful than a single Gaussian distribution for modeling com-
plex distributions. A Gaussian Mixture Model with g components can be rep-

resented by the parameters:
0, = {(:ul,l >0 1 W )a' ) (ll’ll,g 507 4>Wi o )} (16)

GMM now has weighted probabilities:
g
Gmin (Z;Hl)zZWI,(,'G(Z;IUI.C’O-I.C)' (17)
c=1

In our experiment, we suppose g =1, but we turn the m step of the em algo-
rithm [20] into a Gaussian mixture model fitting problem. In fact, the GMM fit-
ting problem itself can also be solved with the EM algorithm. In E-step, we deter-
mine which data should belong to which Gaussian component; In M-step, we re-
calculate the GMM parameters. By integrating the grayscale distribution model-
ing ability of the Gaussian hybrid model and the spatial constraints of the hidden
Markov random field, the initial coarse segmentation of the three-dimensional

volume data is realized.

2.2. Level Set Segmentation Model

Li et al [21] proposed a variational level set framework for segmenting images
and correcting intensity inhomogeneity. Now we consider a 3D grayscale image
I1:QQ—> R’ ona given image domain Q, for a voxel x(x,y,z)eQ in theim-

age [, we define the local energy as:
e, (x)=[K(y-x)|[(x)-b(y)c[ dy (18)

K is a kernel function with a standard deviation of o , truncated by a Gauss-

ian function defined by:

1 /2o
Kwy={a® l=e (19)
0, |u|>p.

where p is the radius, the spherical neighborhood centeredon y. a isanor-
malization constant that makes _[K (u)du=1.
The local energy ¢, (x) can be equivalently expressed as the following calcu-

lation function in actual numerical calculations:
¢/ (x)=I"1, ~2cI(b*K)+c] (b* *K) (20)

where * is the convolutional operation, 1, (x)= IK (y—x)dy.

We define the following global energy as a data fitting term:
2
E:ZIQ_(IK(y—x)|I(x)—b(y)cl.|2 dx)dy, x,ye) (21)
=1

Let ¢ be the level set function. We consider the image domain € being di-
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vided into two disjoint regions €, and €, . In this case, the regions Q, and
Q, are represented by their membership functions M, (4)=H(¢) and
M,(¢)=1-H(p) , respectively, where H is the Heaviside function, and
5. (x) is the derivative of H, (x). Defined as follows:

H (x)= %{l+zarctan(iﬂ (22)

s €

S, (x)=H(x) =%€2 ixz (23)

Then the energy in (21) can be expressed in the following level set formulation:
E= ilj.ﬂi(jl((y—x)|1(x)—b(y)cl.|2 )M, (4(x))dx, xyeQ @)
Two regularizations L£(¢) and R, (¢) areintroduced:
L(p)=[|VH (4)|dx (25)
R, (#)=[p(|V4])dx (26)
where p(s)= %(s "
In summary, the variational level set framework is:
E=3 ], (K= (x)=b(r)af @), (o))

+v[ 6. ((x))|Vo(x)|dx+uf p(V4)dx, x,ye

(27)

where v and p are constants greater than zero. The above equation is mini-

mized by the gradient descent method

0 |V .
a—f =—=6.(¢)(e, —e,)+Vv5.(p)div [ﬁj + /.ldll/(dp (|V¢|)V¢) (28)

Function dp (s) 2P S(S) .

Fixing ¢ and b, so that the energy E is the least optimal ¢ is defined
[(b* K ) Iu,dydx

W, i:1,2 (29)

Ci:

where u,(x)=M, (¢(x)) .
Fixing ¢ and c, so that the energy E is the smallest optimal b defined
as:
X (U“))*K
b=——"7—"— (30)
JPxK

where J!) =2Zlc,.u[ and J? =ZN clu, .

2.3. Implementation

As we all know, the level set is sensitive to initialization. Now we directly map the
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coarse segmentation label matrix X~ to the initial implicit function ¢, (x,», z)
of the level set, avoiding the subjectivity of the traditional level set to manually set

the initial contour. The level set function is initialized as follows :

)|

Co» X*(xayaz)zly

31
—Cy» X*(x,y,z)=2. (31)

where ¢, =1 isa constant, X (x,y,z)=1 represents the background region,
X"(x,,2z)=2 represents the target region, and (x,y,z) is an arbitrary voxel
of the image domain Q.

The main steps of the proposed model are as follows :

1) Find the label X".

2) Based on the label result, initialize the level set function ¢, (x, y,z) using
the expression (31).

3) Evolve the level set using Equation (28), and thenupdate ¢ and b accord-
ing to Equations (29) and (30).

3. Experimental Results

In this section, we will verify the ability of our method to segment ICT volume
data. In this paper, let u =1, the value range of the length parameter is

V= [0.005 x255%,0.02 x 2552] , and the parameter of the Gaussian kernel func-
tionis o =[2,4]. Naturally, the length parameter v can be adjusted according
to the types of segmented images. The general rule of setting v is: when you
need to extract a smaller object, take a smaller value; if you need to segment a
larger target, take a larger value. When the image is seriously uneven, a smaller
o isused.

Tubular precision components, such as cylinders, are crucial in automobile
manufacturing. Therefore, combined with the proposed segmentation method,
accurate point cloud data can be obtained, making the error smaller. The car en-
gine CT data and teapot CT data used in this paper are provided by the open sci-
entific visualization data set (https://klacansky.com/open-scivis-datasets/cate-
gory-ct.html).

Figure 1 shows the two-dimensional segmentation results of the proposed
model for ICT volume data slice 27, slice 70, and slice 99 of engine cylinder sam-
ples (image size is 256 x 256 x 100). The segmentation details of these three slices
are shown and compared with the segmentation results of HMRF-EM [19] (first
column) and Li [21] (second column). In fact, our model can accurately identify
the engine cylinder, depict the edge of the object, and detect tiny holes and thin
walls to achieve superior segmentation performance. Figure 3(a) is the three-di-
mensional display of the engine segmentation results.

Figure 2 shows the two-dimensional segmentation results of the proposed
model for the ICT volume data slice2 and slicel0 of the teapot sample (the image
size is 256 x 256 x 11), showing the segmentation details of the two slices. The
first column represents the initial contour (HMRF-EM), the second and third
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slice 27

slice 70

slice 99

HMRF-EM(Initial) ours

Figure 1. Segmentation results of slices 27, 70, and 99 of the engine cylinder ICT volume data (image size 256 x 256 x 100).

slice 2

slice 10

Initial(Hmrf-Em) Iterations 5 Iterations 20 Final Results

Figure 2. The segmentation process of the proposed model (image size is 256 x 256 x 11).

DOI: 10.4236/0alib.1114708 9 Open Access Library Journal


https://doi.org/10.4236/oalib.1114708

D. L. Liang, C. J. Liu

(b)

Figure 3. The 3D display of the segmentation results of simulated engine cylinder and tea-
pot ICT volume data.

columns represent the segmentation in the intermediate process, and the fourth
column shows the final evolution result of the LS function. It can be seen that the
initial contour does not fully fit the edge of the teapot, but as the number of level
set iterations increases, the segmentation results gradually become clear and tend
to be stable. Figure 3(b) shows the three-dimensional display of the teapot seg-

mentation results.

4. Conclusion

In this paper, a two-stage 3D volume data segmentation method combining
GMM-HMREF and level set is proposed. The initial coarse segmentation with spa-
tial continuity is realized by GMM-HMREF, which provides a reliable initial con-
tour for the level set. Then, the optimized level set model is used to realize the fine
optimization of the boundary, which effectively solves the problem of insufficient
segmentation accuracy of the traditional method in the gray uneven and fuzzy
boundary data. Experiments on real industrial CT data show that the proposed
method is superior to the existing comparison methods in segmentation accuracy,
robustness and efficiency. It can accurately extract the target area in three-dimen-
sional volume data and provide high-quality segmentation results for subsequent
tasks in the fields of medical image analysis and industrial detection.

Future work can further explore the multi-scale GMM-HMRF model to adapt
to more complex grayscale distribution; at the same time, the parameter adaptive
strategy of the level set energy function is optimized to improve the generalization
ability of the algorithm in different types of volume data.
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