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Abstract
Hip-joint CT images have low organizational contrast, irregular shape of boundaries and image noises. Traditional segmentation
algorithms often require manual intervention or introduction of some prior information, which results in low efficiency and is
unable to meet clinical needs. In order to overcome the sensitivity of classical fuzzy clustering image segmentation algorithm to
image noise, this paper proposes a fuzzy clustering image segmentation algorithm combining Gaussian regression model (GRM)
and hidden Markov random field (HMRF). The algorithm uses the prior information to regularize the objective function of the
fuzzy C-means, and then improves it with KL information. The HMRF model establishes the neighborhood relationship of the
label field by prior probability, while CRM model establishes the neighborhood relationship of feature field on the basis of the
consistency between the central pixel label and its neighborhood pixel label. The experimental results show that the proposed
algorithm has high segmentation accuracy.
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Introduction

Computer-aided diagnosis (CAD) is a hot research topic in the
field of medical image processing in recent years [1]. It is a key
technology to alleviate the pressure of doctors and improve the
utilization rate of medical resources [2]. At present, computer
diagnosis can not completely replace doctor diagnosis.
Therefore, using computer technology to assist doctors in diag-
nosis is an effective way to improve the efficiency of diagnosis
and treatment. With the development of medical imaging and
information processing, the CAD technology has made great

progress, so it has been highly valued by medicine experts at
home and abroad [3, 4].

At present, the research on computer-aided diagnosis is
mainly divided into the following aspects: (1) image
denoising and reconstruction is to obtain clear medical image
[5]; (2) medical diagnosis fuzzy expert system technology can
carry out preliminary diagnosis for common diseases [6];
(3)Three-dimensional reconstruction of medical images is
used to assist the diagnosis of bone dislocation [7, 8]; (4)
automatic segmentation of medical images can extract lesions,
quantify image information, and so on [9]. In all applications,
automatic image segmentation is an important technology for
medical image diagnosis. For various medical images, such as
cells, bones, tumors, etc., different segmentation methods
have their own advantages, and scholars need to carefully
choose [10]. Literature [5] proposed a lung nodule recognition
method based on multi-view deep belief network, which can
effectively segment lesions and reduce false positive diagno-
sis. Literature [11] used a mixture-based priori algorithm to
segment the CT series frame by frame and reconstruct then as
three-dimensional structure so as to show the positional rela-
tionship between the medullary mortar and the femur [11].
Medical image registration refers to the alignment of a medi-
cal image with a corresponding point on another image. Xia
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et al. used feature matching and geometric priori to register
rigid body images with non-rigid images, and the matching
success rate is high [12]. Chandra et al. used biophysical
models for registration and segmentation of cardiac images,
but relied heavily on offline, complex training sets [13]. Kim
et al. used a layered algorithm combined with Hough trans-
form to segment and identify the pelvis, which requires a fairly
large training set and has limitations in image processing of
various poses [14]. Luis-Garcia et.al [9] use the bone density
grayscale and image shape features in CT images to design an
auxiliary diagnostic algorithm for determining the presence of
osteoporosis in the thoracolumbar spine center, which has
certain practical significance.

Hip joint is an important joint connecting pelvic bone and
thigh bone, as shown in Fig.1. It bears weight and controls the
movement of lower limbs [8]. It is prone to abrasion and
deformation, which affects people’s normal life. Artificial
joint replacement can restore joint activity by replacing in-
jured joint surface with prosthesis. In order to make the artifi-
cial joint fit the biological and physical characteristics of the
patient’s own joint as much as possible, it is necessary to
measure the three-dimensional characteristics of the healthy
joint. The surface data of the hip joint (i.e. the outline data) is
the basis of the three-dimensional feature measurement, and
directly affects the accuracy of the measurement results.
Therefore, extracting joint surface data is the basis and basis
for making artificial joints suitable for patients.

CT sequence images of the hip joint provide a new way to
understand the hip joint, and they have significant features
different from other sequence images, such as low contrast
of images, close connection between acetabulum and femoral
head, etc. So there are many corresponding segmentation al-
gorithms which have been proposed to solve these questions.
Literature [14] used the Snake model to extract the external
contour of the hip joint, and an initial contour setting method
based on the central radiation algorithm is proposed to extract
the quasi-circular part. The algorithm is feasible, but the noise
resistance of the method is poor. Literature [15] adopts the
adaptive Graph Cuts algorithm to locate and segment the

femoral head accurately which can obtain better extraction
results, but the algorithm has high complexity and low effi-
ciency. According to the similarity of CT sequence images,
literature [16] proposes a recognition model based on the front
frame contour along the normal direction as a priori, which
can recognize the image with uniform skeletal changes better,
but the image recognition effect of local skeletal mutations is
not good.

In order to overcome the sensitivity of classical fuzzy clus-
tering image segmentation algorithm to image noise, this pa-
per proposes a fuzzy clustering image segmentation algorithm
combining Gaussian regression model (GRM) and hidden
Markov random field (HMRF). The algorithm uses the infor-
mation to regularize the objective function of the fuzzy C-
means, and then improves it with KL information, and applies
the HMRF and CRM models to the objective function. The
HMRFmodel establishes the neighborhood relationship of the
label field by prior probability, while CRM model establishes
the neighborhood relationship of feature field on the basis of
the consistency between the central pixel label and its neigh-
borhood pixel label. The proposed algorithm and other classi-
cal algorithms are used to segment the CT hip-joint image, and
the accuracy of the segmentation results is evaluated. The
experimental results show that the proposed algorithm has
high segmentation accuracy.

Materials and methods

In Non-Fuzzy Segmentation, each pixel can only belong to a
certain category, while each pixel can belong to all categories
in Fuzzy Segmentation, and the fuzzy membership degree is
used to indicate the degree of different categories to which the
pixels belong [17]. This method needs to define the non-
similarity measurement between pixels and clustering centers,
and use the fuzzy membership measurement and non-
similarity measurement to establish the objective function,
and then achieve image segmentation by minimizing the ob-
jective function. In the FCM algorithm, the objective function
is defined as:

J fcm U ;Vð Þ¼Δ ∑
N

i¼1
∑
o

j¼1
umij dij ð1Þ

where dij = ‖xi − υj‖
2 represents the Euclidean distance be-

tween pixel xi and clustering center υj, where x = {xi; i = 1,
⋯,N} is the image to be segmented, i is the index of pixels,
N is the number of pixels, xi is the intensity of the ith pixel in
the image. U = |uij|N × o, uij represents the membership degree
of the ith pixel in class j, m is the fuzzy factor, which repre-
sents the fuzzy degree of the algorithm; C represents the num-
ber of categories. V = (υ1,⋯, υj,⋯, υo), where υj is the clus-
tering center of the jthe category.Fig. 1 Hip joint for a patient in CT image
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By introducing information entropy and a positive param-
eter, a new objective function is defined and the EFCM algo-
rithm is proposed. The objective function can be expressed as:

J efcm U ;Vð Þ¼Δ ∑
N

i¼1
∑
c

j¼1
uijdij þ λ ∑

N

i¼1
∑
c

j¼1
uijlnuij ð2Þ

The second item in Eq. (2) is the stop regularization term,
which indicates the fused degree of the segmentation results.
Its coefficient is taken as a fuzzy factor to indicate the fuzzy
degree of the algorithm.

On the basis of EFCM, KL information and HMRF model
are introduced to obtain the HMRF-EFCM algorithm. The
objective function can be rewritten as follows:

Jλ U ;μ;σ;πð Þ¼Δ ∑
N

i¼1
∑
o

j¼1
uijdij þ λ ∑

N

i¼1
∑
o

j¼1
uijln

uij
ρij

 !
ð3Þ

where ρij is a weight parameter, and the second item in Eq. (3)
can also be regarded as a regularization term, indicating the
fused degree of the segmentation results. Generally, FCM al-
gorithm can easily segment the edge part of large region clus-
tering to small region clustering. Eq. (3) as the objective func-
tion can largely avoid the above problems. However, the
HMRF-EFCM algorithm only considers the label field
neighbourhood, but does not consider the feature field
neighbourhood.

Based on the HMRF-EFCM algorithm, this paper proposes
a fuzzy clustering image segmentation algorithm combining
GRM and HMRF, which considers both label field neighbor-
hood and feature field neighborhood. Based on the Gauss
model, the GRM model introduces neighborhood pixels with
the same label as the central pixel to establish the neighbor-
hood relationship of the feature field. Then, the model is used
to define the non-similaritymeasurement dij.Under given label
lj, observe the negative natural logarithm of probability den-
sity function of data xi.

dij θ j
� �¼Δ −lnp xi l j; θ j

��� � ð4Þ

where (l1, l2,⋯, lj,⋯, lN) is an implementation of label field
L = (L1, L2,⋯, Lj,⋯, LN), and lj ∈ {1, 2,⋯, c}, θj = (μj, σj) is
a parameter vector composed of the mean and variance of the
seventh category. Because GRM model is based on the as-
sumption that neighborhood pixels and central pixels have
the same label, this assumption may not be valid in practice.
In order to solve this problem, when constructing GRM mod-
el, only the neighborhood pixels which are consistent with the
central pixel label are considered, and the neighborhood pixels
which are inconsistent with the central pixel label are not
considered. That is to say, when the neighborhood pixel is
identical with the central pixel label, its action coefficient is
set to 1; when the neighborhood pixel is not identical with the

central pixel label, its action coefficient is set to 0. Therefore,
the indicator function is defined as:

t li; li0
� � ¼ 1; li0 ¼ li

0; li0≠li

� �
ð5Þ

where li denotes the label of i, i′ denotes the neighborhood
pixels of i, and li0 denotes the label of i′. The probability
density function of GRM model is:

p xi Li ¼ j; θ j; Li0 ; i
0
∈Ni

��� �
¼ 1ffiffiffiffiffiffiffiffiffiffi

2πσ2j
q

⋅exp −

xi−μ j

� �
þ β ∑

i0∈Ni

t Li; Li0
� �

xi0−μ j

� �
2σ2

j

8>><
>>:

9>>=
>>;

ð6Þ

where θj = (μj, σj), Ni is the neighborhood set of pixel i, μj and
σj are the mean and variance of class j, β is the parameter to
express the intensity of neighborhood action. The larger β is,
the greater the intensity of neighborhood action; the smaller β
is, the smaller the intensity of neighborhood action. Compared
with the traditional Gauss model, GRM model introduces the
error effect of neighborhood pixels which are consistent with
the central pixel label on the basis of the central pixel error,
that is, the second item in Eq. (6). When β = 0, GRM model
has the same effect as Gauss model. When β ≠ 0, the neigh-
borhood pixels consistent with the label of the central pixel
will strengthen its role with the central pixel, and the pixels
with the same label are easier to belong to the same category.
The introduction of neighborhood relationship enhances the
interaction between neighborhood pixels and central pixels,
making it easier for adjacent pixels to belong to the same
category. On the basis of labeling field neighborhood, intro-
ducing feature field neighborhood relationship further
strengthens the intensity of interaction between neighborhood
pixels and central pixels, which is more conducive to elimi-
nating noise and abnormal values and obtain more reliable
segmentation results.

pij in Eq. (3) is the prior probability of HMRF model. In
general, neighborhood pixels are more likely to have the same
label than non-neighborhood pixels. In order to make the po-
tential energy function smaller and its corresponding prior
probability larger, the prior probability is defined as the neg-
ative exponent of the sum of potential energy function c, and
normalized to make the sum of different categories equal to 1.
The prior probability that the pixel I belongs to class j is:

pij¼Δ p li ¼ j l̂∂ j; b
���� �

¼
exp −b ∑

i0∈Ni

Vi0 j−li0
� � !

∑
c

j0 ¼1

exp −b ∑
i0∈Ni

Vi0 j
0
−li0

� � ! ð7Þ
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where b is a parameter to characterize the action intensity of
neighborhood labeling. Vc is a potential energy function,
which can be defined as:

Vi0 li−lkð Þ ¼ 0; li ¼ lk
1; li≠lk

� �
ð8Þ

The prior probability defined by Eq. (7) introduces the
neighborhood pixel effect into the labeling field. Because
the neighborhood pixel effect enhances the intensity of the
interaction between the neighborhood pixel label and the cen-
tral pixel label in the labeling field, the segmentation precision
of the algorithm is improved to a certain extent.

In order to minimize the objective function of Eq. (3), the
partial derivative of the objective function to uij is obtained.
And it is equal to 0, and then it can be solved that:

uij ¼
ρijexp − 1=λð Þdij

� �
∑
c

j0¼1

ρi j0 exp − 1=λð Þdi j0
� � ð9Þ

By substituting Eq. (6) into Eq. (4), the expression of dij can
be obtained as follows:

dij ¼ −ln
1ffiffiffiffiffiffiffiffiffiffi
2πσ2j

q
0
B@

1
CAexp − xi−μ j

� �
þ β ∑

i0∈Ni

t Li; Li0
� �

xi0−μ j

� � !2

= 2σ2j

� �2
4

3
5

8><
>:

9>=
>;

ð10Þ

The objective function in Eq. (3) is used to find partial
derivatives of μj and σj, and make them equal to zero. The
parameters μj and σj are:

μ j ¼
∑
N

i¼1
uij xi þ β ∑

i0∈Ni

t Li;Li0
� �

xi0

" #

∑
N

i¼1
uij 1þ β ∑

i0∈Ni

t Li; Li0
� �" # ð11Þ

σ2
j ¼

∑
N

i¼1
uij xi−μ j

� �
þ β ∑

i0∈Ni

t Li; Li0
� �

xi0−μ j

� �" #2

∑
N

i¼1
uij

ð12Þ

The main frame of proposed segmentation
scheme

Eq. (9)-Eq. (12) show that the neighborhood relationship of
feature field not only embodies in the non-similarity measure-
ment, but also affects expectation, variance and membership.
The neighborhood relationship of the label field also affects
the prior probability and membership degree. It can be seen

that the combination of feature field neighborhood and label
field neighborhood can greatly improve the precision of image
segmentation. In summary, the proposed algorithm can be
summarized as follows:

Step 1: set the cyclic indicator k = 0, clustering number c,
fuzzy factor λ and iteration stopping condition pa-
rameter ε;

Step 2: randomly initialize the membership function u 0ð Þ
ij ;

Step 3: calculate the prior probability ρ kð Þ
ij based on Eq. (7)

and Eq. (8);
Step 4: estimate the mean and promote the variance σ kð Þ

j by
Eq. (11) and Eq. (12);

Step 5: calculate d kð Þ
ij by substituting μ kð Þ

j and σ kð Þ
j into Eq.

(10)
Step 6: calculate fuzzy membership degree based on Eq.

(9);
Step 7: If max|U(b) −U(b + 1)| < ε, stop the loop, otherwise let

k = k + 1 and go back to step 3 to continue iterating.

The difference between fuzzy segmentation and non-fuzzy
segmentation is that the former uses the fuzzy membership
degree to represent the class attributes of the pixels, while
the latter makes the pixels clearly belong to a certain object
class. In order to get a clear segmentation result, the fuzzy
membership matrix U is defuzzification. In this paper, the
maximum membership criterion is used to realize the
defuzzification:

Ci ¼ arg j max uij

 �
 �

; j ¼ 1;⋯c; i ¼ 1;⋯;N ð13Þ

where Ci represents the category of pixel i, and C = {C1,C2,
⋯,CN} denotes the result of the non-fuzzy segmentation.

Experimental results and analysis

CT data sources

The CT data are all from third-class A hospitals in this
paper. In order to facilitate qualitative and quantitative per-
formance analysis, all images are labeled by experts in the
industry as a benchmark library for comparison. In the CT
data used in this paper, there are two types of CT hip joint
images, which is due to the difference between CT images
obtained from different angles. From the bottom to the top,
the skeletal region of the femoral head has a large change
on one side of the femoral head (as shown in Fig. 2 (a).
From the top to the bottom, the greater trochanter and the
femoral head are two parts of the skeleton at first, and the
larger mutation on the one side of the greater trochanter (as
shown in Fig. 2 (b)) is found in the combined sections of
the greater trochanter and the femoral head.
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Experimental settings

In order to quantitatively evaluate the segmentation effect
of the algorithm, this paper uses two common evaluation
indicators, namely, Dice similarity coefficient (DSC) and
means absolute distance (MAD). DSC denotes the simi-
larity between the contour regions of two images. The
larger the value, the better the segmentation effect.
MAD measures the average absolute distance between
the segmentation result and the real ground truth of arti-
ficial segmentation. The smaller the value, the higher the
segmentation accuracy. In addition, in order to evaluate
the proposed algorithm quantitatively, five representative
images are selected for comparison analysis, namely,
FCM, FCM_S [18], EnFCM, FGFCM [19], FLICM and
HMRF-FCM [20].

Qualitative and quantitative analysis

Figure 3(b)~Fig. 3(f) are the segmentation results of the
comparison algorithm, and Fig. 3(g) is the segmentation
results of the proposed algorithm. FCM algorithm only
considers the influence of the pixels on the segmentation,
so it is sensitive to image noise and abnormal value. As
shown in Fig. 3 (b), there are a large number of pixels
which are segmented in error in FCM algorithm. The
neighborhood effect is added to FCM_S algorithm, which
improves the segmentation result to a certain extent. As

can be seen from Fig. 3(c) and Fig. 3(d), EnFCM and
FGFCM cannot effectively segment hip-joint regions, be-
cause both of them are accelerated algorithms of FCM
algorithm. The segmentation result of FGFCM is slightly
better than that of EnFCM, because the introduction of
spatial relationship in FGFCM enhances the description
performance of the algorithm. FLICM controls the bal-
ance between background and image details through an
automatically acquired fuzzy coefficient, which improves
the adaptability of the algorithm. The fuzzy coefficients
obtained in this example are more conducive to hip-joint
control, and neglect the protection of object details,
resulting in edge blurring. HMRF-FCM introduces
HMRF model to establish the neighborhood relationship
between label fields, which has good adaptability to
noise. But it does not consider the neighborhood relation-
ship of feature fields, which makes it difficult to identify
region [21]. The FCM algorithm and its improved algo-
rithm do not consider the spatial distribution of the pixels.
In the region where the two distribution curves coincide,
the classification of the pixels cannot be effectively dis-
tinguished [21]. It can be seen from the results of Fig.3(g)
that the proposed algorithm can suppress noise, improve
the anti-noise ability and separate homogeneous regions
better because it considers both the label field neighbor-
hood and the feature field neighborhood. The experimen-
tal results show that the variance in homogeneous region
has a great influence on the segmentation results. Because

(a)

(b)

Fig. 2 Partial data sets for
different types; (a) From the bot-
tom to the top; (b) From the top to
the bottom

(a) (b) (c) (d) (e) (f) (g)

Fig. 3 Segmentation results for different comparison algorithms
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of the small variance between the medullary mortar and
the femur, all the algorithms can segment the region well.
The region tool has the largest variance, so the segmen-
tation effect of the five regions is the worst. However, the
proposed algorithm can effectively segment regions with
large differences, and the number of erroneous pixels in
the segmentation results is less; while there are a large
number of erroneous pixels in the segmentation results
of other algorithms, which cannot achieve the segmenta-
tion of regions with large gray variance [22].

In order to evaluate the precision of the above different
segmentation methods, segmentation accuracy mean statistics
of different segmentation methods is shown in Table 1. The
higher the value of each index, the higher the segmentation
precision. Table 1 shows that, except FLICM algorithm, the
overall precision of other algorithms is not more than 80%,
and the maximum DSC value is 0.71; the overall precision of
FLICM algorithm is 96.9%, and the DSC value is 0.96. The
overall precision of the proposed algorithm is 99.3%, and the
DSC value is 0.99. therefore, our proposed segmentation
method in this paper has higher accuracy, lower error rate
and better segmentation effect.

Conclusions

Hip-joint CT images have low organizational contrast, irreg-
ular shape of boundaries and image noises. Traditional seg-
mentation algorithms often require manual intervention or in-
troduction of some prior information, which results in low
efficiency of segmentation and is unable to meet clinical
needs. In order to overcome the sensitivity of classical fuzzy
clustering image segmentation algorithm to image noise, this
paper proposes a fuzzy clustering image segmentation algo-
rithm combining Gaussian regression model (GRM) and hid-
den Markov random field (HMRF). The experimental results
show that the proposed algorithm has high segmentation
accuracy.
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