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To solve the problem that the magnetic resonance (MR) image has weak boundaries, large amount of information,
and low signal-to-noise ratio, we propose an image segmentation method based on the multi-resolution Markov random
field (MRMRF) model. The algorithm uses undecimated dual-tree complex wavelet transformation to transform the image
into multiple scales. The transformed low-frequency scale histogram is used to improve the initial clustering center of
the K-means algorithm, and then other cluster centers are selected according to the maximum distance rule to obtain the
coarse-scale segmentation. The results are then segmented by the improved MRMRF model. In order to solve the problem
of fuzzy edge segmentation caused by the gray level inhomogeneity of MR image segmentation under the MRMRF model,
it is proposed to introduce variable weight parameters in the segmentation process of each scale. Furthermore, the final
segmentation results are optimized. We name this algorithm the variable-weight multi-resolution Markov random field
(VWMRMRF). The simulation and clinical MR image segmentation verification show that the VWMRMRF algorithm has
high segmentation accuracy and robustness, and can accurately and stably achieve low signal-to-noise ratio, weak boundary
MR image segmentation.

Keywords: undecimated dual-tree complex wavelet, MR image segmentation, multi-resolution Markov ran-
dom field model

PACS: 87.57.N–, 87.61.–c, 87.63.lm DOI: 10.1088/1674-1056/abe1a2

1. Introduction

Magnetic resonance imaging (MRI)[1,2] has the character-
istics of arbitrary slice imaging and high soft tissue resolving
ability, and can simultaneously perform multi-faceted, multi-
parameter, multi-sequence imaging, which has become one
of the preferred methods for diagnosing diseases. Magnetic-
resonance (MR) image segmentation plays an increasingly im-
portant role in the diagnosis and quantitative analysis of medi-
cal diseases. However, due to the large amount of information,
complicated noise, blurred boundaries, and intensity inhomo-
geneity of the MR image, the image segmentation still has dif-
ficulties and attracts attention of many scholars.

Now, the common algorithms used in MR image seg-
mentation can be roughly categorized as region growing,[3]

fuzzy clustering,[4] neural network[5] and Markov random
field (MRF),[6,7] etc. Among them, MRF is employed to repre-
sent the relationship between images, and uses Bayesian rules
to perform image segmentation through mathematical models,
which was proposed by Geman and Geman in 1984.[7] Due
to the fact that MRF can simulate the intensity non-uniformity

appearing in medical image and can be used to describe the
spatial information effectively, it has been widely used in the
field of medical image segmentation. This kind of algorithms
performs MR image segmentation by solving the maximum
a posteriori probability (MAP) of the pixel state distribution.
Because the iterated conditional model (ICM) is simple and
easy to implement, it is a common method for solving MAP.
In recent years, domestic and foreign scholars have proposed
some improvement methods based on the Markov random
field. For example, researchers[8] proposed the idea of not
using iterative methods to maximize posterior probability, and
solved the prior distribution of class members in traditional
MRF models, which improves the high computational com-
plexity of Markov random field. In Ref. [9], the spatial depen-
dence of segmented labels is introduced in the Markov random
field model, and a strategy for automatically segmenting breast
MR images is proposed. In Ref. [10], the authors deduced a
segmentation technique based on a specific Markov random
field class called Pickard random field, which is applied to the
segmentation of breast lumps. Compared to other methods, the
initialization of this method is straightforward, and the amount
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of calculation relative to the standard MRF method is greatly
reduced.

Although there are many improved algorithms and ap-
plications for the Markov random field model, their model-
ing methods are all spatially non-causal. The present model
considers pixels in a first-order or second-order or higher-
order neighborhood. The markers of adjacent pixels affect
each other and lack the necessary causal relationship. In or-
der to improve the segmentation accuracy of MR images by
the MRF model, Lee et al.[11] in 1996 provided an efficient
technology for microcalcification detection, which combines
multi-resolution wavelet information with image context in-
formation extracted by gauss markov random field (GMRF),
and then Bayesian learning was achieved by expectation-
maximization (EM) algorithm. This method was applied to
edge detection of breast images and obtained better results.
In recent years, the multi-resolution Markov random field
(MRMRF)[12] segmentation method has increasingly applied
in medical image processing fields. As in Ref. [13], an im-
age segmentation algorithm based on the MRMRF model was
proposed. The multi-scale characteristics of discrete wavelet
transform were used to improve the computational efficiency,
and the high-frequency edge information after wavelet trans-
form was introduced into the MRF model to improve the seg-
mentation accuracy. In Ref. [14], a medical image segmen-
tation in wavelet domain based on the edge multi-scale do-
main hierarchical Markov random field model was proposed.
The edge was regarded as an observable data sequence, which
could preserve edge information and improve efficiency. Al-
though the discrete wavelet transform can represent the multi-
scale characteristics of the image, and the MRMRF model can
be used to simulate the spatial interaction between adjacent
pixels to overcome the spatial inhomogeneity in the MR im-
age. There are still problems that depend on the model param-
eters and the poor direction selectivity.

Aiming at the characteristics and segmentation require-
ments of MR images, we introduce the multi-scale character-
istics of undecimated dual-tree complex wavelet transform[15]

on image into the MRMRF model, which solves the prob-
lem of poor selectivity of the multi-resolution Markov ran-
dom field model. The initial clustering center of the K-means
clustering algorithm in the MRMRF model is improved by
the transformed low-frequency sequence histogram, and then
other cluster centers are selected according to the maximum
distance rule to obtain the initial segmentation result. Finally,
the variable weight is introduced in the MAP criterion to solve
the problem that the segmentation result depends on the model
parameters, and then the segmentation precision of the MR im-
age is improved.

The rest of this paper is organized as follows. A brief
review to the theory of the undecimated dual-tree complex

wavelet transform (UDTCWT), and the MRMRF model is
given in Section 2. A detailed description of the variable-
weight multi-resolution Markov random field (VWMRMRF)
in this paper is stated in Section 3. Experimental results and
analysis are given in Section 4. Clinical MR image segmenta-
tion experiments are presented in Section 5. Finally, the main
conclusions are drawn in Section 6.

2. Related work
2.1. The undecimated dual-tree complex wavelet trans-

form (UDTCWT)

The dual-tree complex wavelet transform (DTCWT)[16]

is oriented and nearly shift invariant, and it can preserve im-
age details better than discrete wavelet transform (DWT).[17]

Especially the complex wavelet coefficients have phase infor-
mation that plays an important role in clinical diagnostic ap-
plications, so DTCWT is more suitable for medical image pro-
cessing. However, the downsampling operation destroys the
translation invariance of DTCWT, which means that a small
shift in the signal will result in a significant change in the en-
ergy distribution of the wavelet coefficients. Therefore, Hill
et al.[15] proposed the concept of UDTCWT, which extends
the traditional DTCWT using filter upsampling and removing
downsampling. Since each sub-band after the transformation
has the same resolution as the image itself, the UDTCWT not
only has shift invariance, but also provides a one-to-one re-
lationship between the co-located coefficients in all sub-bands
and image pixels, which solves the shortage that the traditional
discrete wavelet can not represent the detail features of the im-
age well and the direction selectivity is less.[18] The specific
decomposition image is shown in Fig. 1.

In Fig. 1, the first stage filter is a bi-orthogonal filter bank,
where the filter (h00,h01) is identical to the filter (g00,g01)

but offset by one sample, and none of these filters are upsam-
pled. Subsequent filters are based on the Q-shift filter defined
in Ref. [16]. After performing a downsampling operation on
each level of decomposition, the upsampling is performed by
inserting zeros in the filter coefficients from the second stage.
The recursive expression[15] of the filter can be written as

g1( j+1)
0 [n] = g1( j)

0 [n] ↑ 2 =

{
g1( j)

0 [n/2], if n even ,

0, if n odd ,
(1)

where g1( j)
0 is the downsampling filter in the dual-tree complex

wavelet transform. According to Eq. (1), other filters g1( j+1)
0 ,

h1( j+1)
0 , h1( j+1)

1 can be obtained. The inverse transformation
of the above transformation is the reconstruction process that
can reduce the amount of data and improve the calculation ef-
ficiency, and has perfect translation invariance.
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Fig. 1. Undecimated dual-tree complex wavelet filter bank.

2.2. The multi-resolution Markov random field (MRMRF)
model

Assume that the digital image y is defined on a grid S of
size N×N, there are Np bands.

The image is decomposed by J-layer wavelet. Then, the
decomposed image is recorded as WS, and the grid S can be
decomposed into

S = {LL(J),LH(J),HL(J),HH(J), . . . ,

LH(1),HL(1),HH(1)}. (2)

The grid on scale n ∈ {1, . . . ,J} is

S =

{
(i, j);1≤ i, j ≤ N

2N

}
. (3)

Then, the corresponding mark field Xn and the feature
field Yn can be defined on the set {S1, . . . ,Sn, . . . ,SJ}. After
selecting the appropriate image features as the observed data
for each scale, the MRMRF model can be defined on S. The
multi-scale feature fields can be written as

Y = {Y1, . . . ,Yn, . . . ,YJ} . (4)

Accordingly, the multi-scale marker field on the set of
grid locations for each resolution is expressed as

X = {X1, . . . ,Xn, . . . ,XJ} . (5)

Assuming that the marker fields are independent of each
other, an isotropic two-point MLL (multi-level logic) model is
used to calculate the local constraint relationship between the
markers. The joint probability distribution of the marker fields
can be described by

P(X) =
J−1

∏
n=0

∏
s∈Sn

P(Xs = xs | ηs) , (6)

where

P(Xs = xs | ηs) =

exp
{
− ∑

t∈N∇

Vc (xs,xt)
}

K
∑

xs=1
exp
{
− ∑

t∈Ns

Vc (xs,xt)
} , (7)

ηs is the label set adjoined to S, Vc is the potential function,
and

Vc (xs,xt) =

{
β , xs 6= xt ,
0, otherwise ,

(8)

where s and t are adjacent sites forming a mating site, and β

is a positive number.
Assuming that the features on each scale satisfy the con-

ditional independence, and the Gaussian model (GMRF) is
used to represent the observation data of each category, the
joint probability distribution of all scale feature fields can be
expressed as

P(Ys | Xs = m)

=
1

√
2π |∑n

m|
1/2 exp

[
−1

2
(Ys−µm)

(
∑

n
m

)−1
(Ys−µm)

]
. (9)

Here µm and ∑
n
m represent the mean vector and covariance ma-

trix of the category m on the scale n, respectively.
In order to obtain the optimal segmentation result, af-

ter modeling the marker field and the feature field, the esti-
mated values of the segmented image are obtained according
to Eqs. (6) and (9), wherein their joint distribution can be ex-
pressed as

P(Y | X) =
J−1

∏
n

∏
s∈Sn

P(ys | xs)P(Xs = xs | ηs) . (10)

In the image segmentation process, the maximization of
P(Y | X)P(X) is equivalent to the minimization of image en-
ergy. Therefore, the multi-scale segmentation of the wavelet
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domain can use the MAP criterion to derive an appropriate es-
timate of X .[12]

X̄ = arg min
xs|s∈Sn

{ J−1

∑
n=0

{
∑

s∈Sn

ln(P(ys | xs))

+β ∑
s∈Sn

∑
t∈ηs

{P(Xs = xs | ηs)}
}}

. (11)

3. Improved image segmentation of variable
weight MRMRF

3.1. Image preprocessing

The traditional MRMRF model uses the K-means clus-
tering algorithm to initially segment the image. However, the
clustering algorithm is only suitable for the partitions with uni-
form distribution and obvious features.[19] In order to make the
MRMRF model more suitable for MR image segmentation,
this paper improves the selection rules of the cluster centers of
the original K-means clustering algorithm. The flow chart of
improved algorithm is shown in Fig. 2.

undecimated dual-tree complex 
wavelet

extract the low-frequency images

calculate the peak of the image histogram

set the peak point as the initial clustering 

center of the tradition K-means algorithm

calculate the shortest distance between 

the cluster center and other pixels

get K cluster centers

use these K initial cluster centers to run standard K-

means algorithm

Y

N

calculate the probability that each sample 

becomes the next cluster center

roulette method

obtain the initial 
segmentation result

image

Fig. 2. The flow chart of improved K-means algorithm.

Firstly, the image is transformed by the UDTCWT, and
the peak of the low-frequency image histogram is used as the

initial clustering center of the traditional K-means algorithm
to solve the problem that the original K-means clustering al-
gorithm is sensitive to the initial cluster center. Then calcu-
late the distance between the cluster center and other pixels,
and put these distances into the set and cluster centers were
obtained by roulette method. Finally, use these initial cluster
centers to run standard K-means algorithm.

3.2. The variable-weight MRMRF model by undecimated
complex wavelet

Wavelet transform is a good time-frequency analysis tool.
Discrete wavelet transform can be used to generate multi-scale
representation of images, though it has the defects of directiv-
ity lack and translation sensitivity.

In this paper, the UDTCWT is used to replace the discrete
wavelet transform to enhance the usability of the MRMRF
model. On the premise of decomposition of Eq. (2), the
image is subjected to UDTCWT decomposition, then two
low frequency sub-bands L( j + 1, l), l = 1,2 and six high-
frequency sub-bands D( j+1,k),k = 1,2,3, . . . ,6 of direction
(±15◦,±45◦± 75◦) can be obtained for each layer. After the
J-layer wavelet decomposition, the grid S defining the digital
image can be decomposed into

S = {L(J−1,1) ,L(J−1,2) ,D(J−1,1) ,D(J−1,2) ,

D(J−1,3) ,D(J−1,4) ,D(J−1,5) ,D(J−1,6) , . . . ,

L(1,1) ,L(1,2) ,D(1,1) ,D(1,2) ,

D(1,3) ,D(1,4) ,D(1,5) , D(1,6)} , (12)

which corresponds to 7J + 1 sub-bands of Np bands in Ws .
The grid on the scale n ∈ {0,1, . . . ,J−1} is

Sn =

{
(i, j);1≤ i≤ N

2n ,1≤ j ≤ N
2n

}
. (13)

Then the corresponding mark field and feature field can be de-
fined on the mesh set {S0,S1, . . . ,Sn, . . . ,SJ−1}.

In each scale segmentation process, to make the feature
field model fit the wavelet coefficient vector field of the scale
as much as possible and to obtain the global optimal param-
eter estimation, a suitable weight must be chosen to com-
bine marker field modeling with feature field modeling (This
weight is expressed as the value of the exponent term for each
probability in the probability product). It can be seen from
Eq. (11) that on each scale, the feature field energy and the
marked field energy are linked by a constant weight of 1. If
this weight makes the feature field energy play a leading role
in the segmentation process, the scale segmentation result will
contain more detailed information. If the marker field energy
dominates, the regionality of the segmentation result of the
scale will be more obvious. In the extreme case, unpredictable
segmentation results will occur. Therefore, a variable weight
α(t,n) is introduced in Eq. (11) (t is the number of iterations,
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n is the scale), Eq. (11) is improved to

X̄ = arg min
xs|s∈Sn

α (t,n)
{ J−1

∑
n=0

{
∑

s∈Sn

ln(P(ys | xs))

+β ∑
s∈Sn

∑
t∈ηs

{P(Xs = xs | ηs)}
}}

. (14)

Among them, α(t,n) = C(n)
t+1 + 1

M . C(n) represents the ini-
tial value of the variable weight on the scale n, which is the
decreasing function of the resolution. As the resolution de-
creases, its value increases.

At large scale (low resolution), the feature field energy
is given in a larger weight, which makes it dominate in the
initial stage of segmentation and is beneficial to obtain the
global model parameters of the feature field. As the itera-
tion progresses, the weight gradually decreases, the effect of
the marker field energy gradually increases, the parameters are
gradually optimized, and the segmentation result is gradually

improved. After the iteration is carried out to a certain extent,
the weight becomes constant, and the two energies reach equi-
librium, which acts together on the segmentation process until
the end of the iteration. The process of parameter variation is
equivalent to producing a better initial segmentation at various
scales for the traditional MRMRF model.

3.3. Algorithm implementation

In order to solve the MR image segmentation problem
under the MRMRF model, we carry out the multi-scale trans-
form of image by undecimated dual-tree complex wavelet
transform, and improve the initial clustering center of the K-
means algorithm using the transformed low-frequency scale
histogram. Then, we select cluster centers according to the
maximum distance rule to obtain the coarse scale segmen-
tation result, which will be segmented by the VWMRMRF
model. The algorithm flow chart is shown in Fig. 3.

Begin

n=J-1;Give the number of classifications M

and potential function of MLL model β

true(P)

Update the feature field energy weight coefficient to 

obtain the segmentation results

Update iteration 

condition

true(P)

update iteration 

condition

the initial segmentation is obtained by 

directly projecting the segmentation result on 

the scale n onto the current scale

Y

Y

N

Undecimated complex wavelet multi-scale decomposition

begin

n/J↩; Give the number of classifications M
and potential function of MLL model β 

set the termination condition of the EM algorithm P, set the value of the  

scaling function  in descending order of scale C↼n↽

use the improved K-means clustering algorithm to obtain the initial 

segmentation results on the scale n

estimate the mean  and covariance matrix of the feature 

field of the scale n by the EM algorithm

update the feature field energy weight coefficient to 

obtain the one-step optimized segmentation results

update iteration 

condition

n/n↩

n<

true(P)
true(P)

estimated model parameters on the current 

scale

update the feature field energy weight 

coefficient to obtain one-step optimized the 

segmentation result

N

N

end

N

undecimated complex wavelet multi-scale decomposition

first-level wavelet 

decomposition: L↼↪↽↪ L↼↪↽↪ D↼↪↽↪ 
D↼↪↽↪ D↼↪↽↪ D↼↪↽↪ D↼↪↽↪ D↼↪↽ 

after J↩ layer undecimated dual-tree complex wavelet decomposition:  

L↼J↩↪↽↪ L↼J↩↪↽↪ D↼J↩↪↽↪ D↼J↩↪↽↪ D↼J↩↪↽↪ D↼J↩↪↽↪ D↼J↩↪↽↪

D↼J↩↪↽↪...↪ L↼↪↽↪ L↼↪↽↪ D↼↪↽↪ D↼↪↽↪ D↼↪↽↪ D↼↪↽↪ D↼↪↽↪ D↼↪↽

Fig. 3. The flow chart of the VWMRMRF model in the UDTCWT domain.
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The specific process can be expressed as follows.
Step 1 Give the number of classifications M, the poten-

tial function β of the MLL model. The image is decomposed
by J−1 layer undecimated dual-tree complex wavelet decom-
position and the feature fields of each scale are formed in the
manner shown in Subsection 2.2. Set the iteration stop con-
dition of the expectation-maximization (EM) algorithm. Set
the value of the scaling function C(n) in descending order of
scale.

Step 2 Cluster the feature field vectors on the scale J−1
to obtain the initial segmentation result of this scale according
to the improved K-means clustering algorithm.

Step 3 Estimate the mean µm and covariance matrix ∑
n
m

of the feature field of the scale J− 1 by the EM algorithm,
then GMRF feature field model is established. Since the train-
ing data cannot be used to estimate parameters in an unsu-
pervised environment, the EM algorithm is used to perform
parameter estimation.[20] The maximizing pseudo-likelihood
(MPL) method with high computational efficiency is used to
obtain the GMRF model parameters. The parameter iteration
is shown as follows:

µm =

∑
s∈S

YsP(Xs = m | ηs)

∑
s∈S

P(Xs = m | ηs)
, (15)

∑
n
m =

∑
s∈S

(Ys−µm)(Ys−µm)
T P(Xs = m | ηs)

∑
s∈S

P(Xs = m | ηs)
. (16)

Step 4 Use the estimated parameters to calculate the fea-
ture field energy weight α(t,n) of the current iteration number
on the scale n by the ICM algorithm with faster calculation
speed, and the one-step optimized segmentation result on the
scale is obtained according to Eq. (14).

Step 5 Repeat steps 3 and 4 until a certain criteria is met,
then the iteration stops, and the final segmentation result on
scale n is obtained.

Step 6 The segmentation result of the scale n is directly
mapped to the nearest neighboring fine scale n−1 as the initial
segmentation of this scale. Repeat step 5 until the segmenta-
tion result on the finest scale is obtained.

4. Algorithm performance analysis

The performance of the MR image segmentation based on
the VWMRMRF in the UDTCWT is verified in this section.
We analyze the aspects of anti-noise performance, segmenta-
tion accuracy and time complexity. For qualitative compari-
son of the performance of the VWMRMRF and comparison
algorithm, this paper uses the maximum number of iterations
(MaxIter = 200) as the iterative termination condition of all al-
gorithms. All experiments are implemented respectively in
Matlab 2016a programming environment on a 2.50GHz CPU,
4G RAM, Intel(R) Core (TM) i5-2400 personal computer and
Windows7 Ultimate 64-bit.

4.1. Anti-noise performance analysis

During magnetic resonance imaging, the real and imagi-
nary parts of the signal are simultaneously interfered by Gaus-
sian noise of the same variance with zero correlation, the noise
of the MR image often appears as a Rician distribution,[21]

whose probability density function is as follows.

f (x) =

{
x

σ2 I0

(
mx
σ2

)
e
−x2+m2

2σ2 , x≤ 0,
0, x > 0,

(17)

where m =
√

m2
Rc
+m2

hn
with m2

Rc
and m2

hn
being the mean val-

ues of two independent Gaussian distributions; σ is the stan-
dard deviation of the Gaussian distribution, I0 is the first type
of modified zero-order Bessel function,

I0 (y) =
1

2π

∫
π

−π

eycos tdt. (18)

When the SNR approaches to 0(m/σ → 0), the Rician distri-
bution is Rayleigh distribution, when the SNR approaches to
∞(m/σ →∞), the Rician distribution is Gaussian distribution.

Adding Rician noise with SNR = 20 to the synthetic im-
age shown in Fig. 4(b), the ICM algorithm and the MRMRF
algorithm are compared with the proposed VWMRMRF algo-
rithm, and set the potential function β = 0.5. The segmenta-
tion results are shown in Figs. 4(c)–4(e).

(a) (b) (c) (d) (e)

Fig. 4. Clustering results of noisy images: (a) original image; (b) noise image; (c) ICM; (d) MRMRF; (e) VWMRMRF.

In order to test the anti-noise performance of the VWM-
RMRF on MR images, we conduct the experiments on T1-
weighted sequences of the simulated brain database[22] with

1 mm slice thickness, 0% intensity inhomogeneity level, and
0%, 1%, 5%, 9% noise levels, shown as column 1, rows 1–4
of Fig. 5. The brain is mainly composed of three components:

078703-6



Chin. Phys. B Vol. 30, No. 7 (2021) 078703

gray matter (GM), white matter (WM), and cerebrospinal fluid
(CF). The white matter is the paler tissue of the brain and
spinal cord, consisting mainly of nerve fibers with their myelin
sheaths. The gray matter is the darker tissue of the brain and

spinal cord, consisting mainly of nerve cell bodies and branch-
ing dendrites. Cerebrospinal fluid is the clear watery fluid
which fills the space between the arachnoid membrane and the
pia mater.

(a1)

(a2)

(a3)

(a4)

(b1)

(b2)

(b3)

(b4)

(c1)

(c2)

(c3)

(c4)

(d1)

(d2)

(d3)

(d4)

Fig. 5. Segmentation results of the T1-weighted stimulated brain images with different noises. The column 1 is the original images added
different noise levels: (a1) 0%; (a2) 1%; (a3) 5%; (a4) 9%. The segmentation results of (b1)–(b4) ICM, (c1)–(c4) MRMRF, (d1)–(d4)
VWMRMRF.

From Fig. 5, we can see that the three algorithms are all
anti-noise, which can basically distinguish the white matter
(WM) and gray matter (GM) regions from noise. However,
the segmentation results of the ICM algorithm are still not
satisfactory because they show various misclassifications as
the noise increases. In contrast, the MRMRF and the VWM-
RMRF algorithm provide better segmentation results as the
degree of misclassification is much less than the ICM algo-
rithm. Especially, the segmentation results of the VWMRMRF
are more accurate and clear, which indicates that the VWM-
RMRF algorithm has better anti-noise performance. The val-
ues of the peak signal-to-noise ratio (PSNR) in Table 1 also
quantitatively illustrate that the VWMRMRF has the stronger

anti-noise performance, PSNR can be defined as[23]

PSNR = 10 log10

(
MAX2

I

MSE

)
, (19)

where MAX is the maximum value of pixel points, MSE is the
mean square error of the original image and the segmentation
image, and I is the pixel value of the original image.

Table 1. The PSNR values for T1-weighted stimulated brain images
with different noises.

Noise ICM MRMRF VWMRMRF
0% 7.5882 7.5882 7.5993
1% 7.9492 12.1018 12.1235
5% 7.2124 11.9623 11.9794
9% 8.185 11.6086 11.6438
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In addition, the Dice coefficient (DC) is also a similar-
ity measure function in the image segmentation process. The
values of the Dice coefficient in Table 2 are used to evaluate
the quality of the segmentation result. The Dice coefficient is
calculated by[24]

DC =
2 |M∩N |
|M |+ | N |

, (20)

where M is a nonzero gold standard and N is a nonzero seg-
mentation result. The larger the DC value, the better the seg-
mentation result.

Table 2. The Dice coefficients for T1-weighted stimulated brain images
with different noises.

Noise ICM MRMRF VWMRMRF
0% 0.8792 0.8816 0.9182
1% 0.8711 0.8811 0.9137
5% 0.870 0.880 0.9104
9% 0.8688 0.8789 0.9065

From Tables 1 and 2, we can see that the VWMRMRF
not only has good anti-noise performance, but also has the best
segmentation effect.

4.2. Segmentation precision analysis

In order to verify the segmentation accuracy of MR im-
ages in this method, the Brain Web database and the T1
weighted image of the UNC Infant 0-1-2 Atlases database
were used. The layer thickness of image is 1 mm. The ba-
sic information of the dataset is shown in Table 3.

Table 3. Information of each dataset.

Data set Brain Web UNC
Number of individuals – 95

age – 0–2
Number of categories 4 3

size 181×217×181 181×217× 181

The VWMRMRF is used to segment brain structures, in-
cluding gray matter, white matter, and cerebrospinal fluid, as
shown in Fig. 6 (taking the image of a 1-year-old child in UNC
as an example). For highlighting the organizational structure,
we select the 84th slice of the sequence in which the image is
located.

(a) (b) (c) (d) (e)

Fig. 6. Brain structures and segmentation gold standards in UNC (take the image of a 1-year-old child as an example): (a) original image; (b)
split gold standard which is the ground truth; (c) gray matter; (d) white matter; (e) cerebrospinal fluid.

The evaluation of the segmentation results in this study
is mainly carried out in three aspects: vision, time and Dice
coefficient. Among them, the visual evaluation mainly judges
whether the image is wrongly divided, whether the area is con-
sistent, and whether the edge is intact.

Table 4. The results of the VWMRMRF on two data sets under different
potential functions, the evaluation index Dice.

Data set β = 0.2 β = 0.5 β = 1 β = 2 β = 5
Brain Web 0.83 0.89 0.91 0.94 0.90

UNC 0.96 0.97 0.97 0.98 0.98

The values of different potential functions β are used to
segment the random 20 groups of images in the two data sets
and to calculate the average dice coefficient value to verify
the segmentation performance of the VWMRMRF algorithm
in this paper. The experimental results are shown in Table 4.
In this section, two image segmentation results are taken for
analysis, as shown in Figs. 7 and 8. Figure 7 presents the seg-
mentation results under different potential functions where the
row 1 is the brain image of the Brain Web and row 2 is the
UNC brain image. Figure 8 shows the segmentation results
of the brain images of the Brain Web and UNC by the VWM-

RMRF and the comparison algorithm when the potential func-
tion β = 1.

From the results of different potential function segmenta-
tion, when the value of the small potential function is selected
(β = 0.2), it is difficult to fully consider the interaction be-
tween the neighborhoods in the image segmentation process
because the effect of the markers field is too small, resulting in
poor regionality of the segmentation results. If a larger poten-
tial function is used (β = 5), the interaction between the mark-
ers is magnified, resulting in a very good regional consistency
of the segmentation results. Because of this, the unpredictabil-
ity of the segmentation results is enhanced. However, not
only other segmentation results corresponding to some poten-
tial functions maintain regional consistency, but also regional
boundaries can be detected more accurately. In this paper, the
effect of the marker field and the feature field are weighed ac-
cording to the scale, so that the segmentation process not only
fully considers the relationship between the neighboring pix-
els, but also does not cause the marker field to act too much and
the boundary deformation occurs. Therefore, variable weights
can balance both boundary information and good regional con-
sistency.
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(a1)

(a2)

(b1)

(b2)

(c1)

(c2)

(d1)

(d2)

(e1)

(e2)

(f1)

(f2)

Fig. 7. Image segmentation results of two data sets under different potential functions. The row 1 is the brain images of Brain Web and the row
2 is the UNC brain images. (a1) The original image of Brain Web; (b1) β = 0.2; (c1) β = 0.5; (d1) β = 1; (e1) β = 2; (f1) β = 5; (a2) the
original image of UNC; (b2) β = 0.2; (c2) β = 0.5; (d2) β = 1; (e2) β = 2; (f2) β = 5.

(a1)

(a2)

(b1)

(b2)

(c1)

(c2)

(d1)

(d2)

Fig. 8. Segmentation results of image under the same potential function β = 1. (a1) The original image of Brain Web; (b1) ICM; (c1) MRMRF;
(d1) VWMRMRF; (a2) the original image of UNC; (b2) ICM; (c2) MRMRF; (d2) VWMRMRF.

Under the same potential function, the contrast algorithm
ICM segmentation effect is quite unsatisfactory. Not only the
edge segmentation is blurred, but also the brain tissue has a se-
rious over-segmentation phenomenon. Although the segmen-
tation result of the MRMRF algorithm is better to divide the
internal tissue, the division of the edge details is still unclear.
The segmentation results of the VWMRMRF are more satis-
factory than the comparison algorithm. Not only the outline
of the brain image is clearly segmented, but also the edges
remain intact, the details are divided accurately, and there is
no over-segmentation or under-segmentation. Combining the
dice coefficient values given in Tables 4 and 5, it can be seen
that the VWMRMRF algorithm achieves satisfactory segmen-
tation results compared with the comparison algorithm.

Table 5. The results of the VWMRMRF and the comparison algorithm
on the two data sets, the evaluation index Dice.

Data set ICM MRMRF VWMRMRF
Brain Web 0.90 0.91 0.94

UNC 0.93 0.92 0.95

In order to further describe the segmentation effect of the
algorithm on the brain MR image, the brain MR images in
three orthogonal views (transversal, sagittal, and coronal) from
the simulated brain database are shown in Fig. 9. This data set
is selected from the Brain Web anti-shock brain MR image
database of the Brain Imaging Center of the Montreal Neuro-
logical Institute of McGill University. It provides ground truth
for all brain MR images, so it can truly demonstrate the seg-
mentation effect and robustness of the algorithm in this paper.

We select multiple sclerosis (MS) Lesion Brain Database
in Brain Web. The parameters are: T1 sequence diagram, slice
thickness 1 mm, noise level 0%, intensity non-uniformity 0%.
The number of classifications is 4, and the potential function
is set to β = 1. Figures 9(c)–9(e) show the segmentation re-
sults. Combining the Dice coefficients given in Table 6, we
can see that the VWMRMRF has a better segmentation effect
in any orthogonal views of the brain. The segmentation results
of simulated brain MR images verify the performance of the
VWMRMRF algorithm once again.
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(a1)

(a2)

(a3)

(b1)

(b2)

(b3)

(c1)

(c2)

(c3)

(d1)

(d2)

(d3)

(e1)

(e2)

(e3)

Fig. 9. Segmentation results of simulated brain image. (a1) Transverse plane; (a2) coronal plane; (a3) sagittal plane; (b1)–(b3) ground truth;
(c1)–(c3) ICM; (d1)–(d3) MRMRF; (e1)–(e3) VWMRMRF.

Table 6. The Dice coefficients for T1-weighted stimulated brain images
in three orthogonal views.

Views ICM MRMRF VWMRMRF
Transverse plane 0.88 0.89 0.92

Coronal plane 0.87 0.87 0.91
Sagittal plane 0.86 0.87 0.90

4.3. Time complexity analysis

In the VWMRMRF algorithm, suppose that the input im-
age size is N×N, and the time complexity of the algorithm
mainly comes from the three stages: feature extraction, initial
segmentation and MRF modeling. Feature extraction is imple-
mented by undecimated dual-tree complex wavelet transform
with a time complexity of O(NJ), where J is the number of de-
composition layers, and J ≤ N. Therefore, the feature extrac-
tion time complexity is O(N). The initial segmentation uses
the K-means clustering algorithm, and its time complexity is
O(N2Km), where K represents the number of divided cate-
gories, and m represents the dimension of the feature vector, K,
m≤ N2. Therefore, the time complexity of the initial segmen-

tation is O(N2), and the time complexity of MRF modeling is
O(T N2K), where T represents the number of iterations. In a
word, the total time complexity of the segmentation algorithm
is similar to O(T N2K).

Table 7 shows the running times of the ICM, MRMRF
and VWMRMRF algorithms in Figs. 4 and 8. It can also be
seen from the segmentation time in Table 7 that the multi-scale
transformation of the image by wavelet transform is adopted in
the algorithm, which results in the time consumed in the whole
algorithm to be slightly longer than that of the ICM algorithm.
However, it is better than the MRMRF algorithm. We change
the discrete wavelet decomposition in the traditional MRMRF
to the undecimated dual-tree complex wavelet decomposition,
which reduces the amount of data and can improve the com-
putational efficiency. Therefore, if the real-time requirement
is not very high in the field of image segmentation, it is mean-
ingful to exchange the relatively long time for the anti-noise
performance and the segmentation precision.

Table 7. The average running time of each algorithm segmentation in Figs. 4 and 8.

Image Size Number of clusters
Run time (s)

ICM MRMRF VWMRMRF
Figure 4 (adding noise) 100 × 100 3 1.51 1.66 1.61

Figure 8 (row 1) 181 × 217 4 2.56 2.81 2.64
Figure 8 (row 2) 181 × 217 3 2.20 2.63 2.58

5. Clinical MR image segmentation analysis

During the imaging process, the clinical MR image is af-

fected by external factors such as temperature and magnetic

field, and the image presents a series of shortcomings such as

uneven gray scale and weakened boundary, which bring cer-

tain difficulties to image segmentation, although Section 4 has

verified the performance of the VWMRMRF through images

in databases such as Brain Web.
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5.1. Segmentation of breast MR images

MRI has unique imaging advantages in breast examina-
tion: Firstly, it has very high sensitivity. Secondly, MRI can
perform tomographic and arbitrary three-dimensional imag-
ing. Thirdly, it can show the parts that cannot be displayed by
mammography. Finally, dynamically enhanced scan images

and time-signal intensity curves can help us understand the
blood perfusion, diffusion, and vascular penetration of the le-
sion, which is helpful for clinical differentiation of benign and
malignant. Therefore, in this section, the algorithm is applied
again to the segmentation of the clinical breast MR image in
DICOM format as shown in Fig. 10, to verify the performance
of the algorithm.

(a1)

(a2)

(a3)

(a4)

(a5)

(a6)

(b1)

(b2)

(b3)

(b4)

(b5)

(b6)

(c1)

(c2)

(c3)

(c4)

(c5)

(c6)

(d1)

(d2)

(d3)

(d4)

(d5)

(d6)

Fig. 10. Clinical breast MR image segmentation results. (a1) The original image of the uninjected contrast agent; (a2)–(a5) the images acquired
in time series after injection of contrast agent; (a6) the enhanced tumor image of another patient; the segmentation results of (b1)–(b6) ICM;
(c1)–(c6) MRMRF; (d1)–(d6) VWMRMRF.

The mammography MR images in Fig. 10(a) were ob-
tained from the German Siemens 1.5 T standard double breast
coil magnetic resonance scanner. The experimental images
are the three-dimensional T1 weighted gradient echo sequence
diagram before and after enhancement. The first row is the
image of the uninjected contrast agent, rows 2, 3, 4 and 5

are images acquired in time series after injection of contrast
agent, row 6 is the enhanced tumor image of another patient.
The patient is in prone position during scanning and imag-
ing, and the bilateral mammary glands naturally hang in the
cavity of the breast coil. The parameters are: TR = 5.6 ms,
TE = 2.76 ms, layer spacing 0.3 mm, layer thickness 1.2 mm,
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FOV = 34×34 cm, image size 512×512. The scanning was
repeated 5 times, each dynamic scan time is 60 s. The sec-
ond dynamic scan was started 20 s after the first dynamic scan
is completed. At the same time, a high-pressure syringe was
used to inject 0.2 mmol·kg−1 of Gd-DTPA (glucuronide injec-
tion) through the back of the hand at the rate of 2 ml·s−1. The
rapid injection is completed within 10 s. Then at the same rate,
physiological saline of 20 ml was injected to flush to push the
contrast agent into the human circulation. The red circle in the
image is the tumor area, and the number of classifications is 4.

Figures 10(b)–10(d) show the segmentation results of
ICM, MRMRF and VWMRMRF, respectively. In order to
show the results more clearly, the segmentation of the breast
associated with one side of the tumor is magnified in the lower
right corner of Figs. 10(b)–10(d). Among them, algorithm
ICM potential function β is set to 4 (because the segmenta-
tion effect is best at this time). The potential function β of the
MRMRF and the VWMRMRF algorithm is also set to 4. It can
be seen from the segmentation results in Fig. 10 that the three
algorithms fail to segment the tumor region for non-enhanced
images, whereas the VWMRMRF achieves better edge seg-
mentation than the other algorithms. For the enhanced image,
the tumor is not completely segmented in the ICM algorithm
segmentation result, and the large area around the tumor is di-
vided incorrectly. Although the MRMRF segmentation effect
is improved compared with the ICM algorithm, the tumor is
more completely segmented. However, the segmentation ef-

fect is also not ideal, and over-segmentation occurs at the edge
of the image. In contrast, not only the VWMRMRF algorithm
in this paper segments the tumor accurately, but also the sur-
rounding area of the tumor is basically divided correctly and
the contour relatively is clear. The segmentation results verify
that VWMRMRF is more effective for segmenting breast MR
images and has certain application value in the diagnosis of
breast diseases.

5.2. Segmentation of brain MR images

In actual medical image segmentation, multi-modal im-
ages are more commonly used for diagnosis. In order to test
the applicability of our algorithm on multi-modal images, we
select the BraTS2018[25–27] which runs in conjunction with
the medical image computing and computer-assisted interven-
tion (MICCAI) 2018 conference as a challenge to facilitate
the development of brain tumor segmentation methods. It in-
cludes 4 pulse sequence data: native (T1), post-contrast T1-
weighted (T1Gd), T2-weighted (T2), T2 fluid attenuated in-
version recovery (FLAIR), which are acquired with different
clinical protocols and various scanners from multiple (n = 19)
institutions. Figure 11(a) shows the original images of the four
modalities. There is a lesion area in the original slice, whose
ground truth is shown in Fig. 11(b). Figures 11(c)–11(e) show
the segmentation results of ICM, MRMRF and VWMRMRF,
respectively.

(a1)

(a2)

(a3)

(a4)

(b1)

(b2)

(b3)

(b4)

(c1)

(c2)

(c3)

(c4)

(d1)

(d2)

(d3)

(d4)

(e1)

(e2)

(e3)

(e4)

Fig. 11. The segmentation results of multi-modal brain MR images. The first column is the original image of the different modalities where
(a1) T1; (a2) T1Gd; (a3) T2; (a4) FLAIR; (b1)–(b4) ground truth; (c1)–(c4) ICM; (d1)–(d4) MRMRF; (e1)–(e4) VWMRMRF.
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For the T1 and T1Gd, comparison algorithms ICM and
MRMRF basically did not segment the tumor area, while
VWMRMRF segmented part of the edge information of the
tumor. For the T2 and FLAIR, the three algorithms all seg-
ment the tumor area and details, but the over-segmentation of
the comparison algorithms is more obvious. Relatively speak-
ing, the segmentation effect of VWMRMRF is better and the
segmentation areas are more complete. Because it is difficult
to guarantee the generalization of the segmentation method
due to the difference of MRI contrast images, one algorithm
does not fit all modalities well, and the segmentation results
are not very satisfactory. The VWMRMRF algorithm has a
better segmentation effect on any modalities of the brain MR
images than comparison algorithms, while it is still not very
ideal. It will be our focus in the future.

6. Conclusion
In summary, we have proposed an improved MR image

segmentation algorithm based on MRMRF in undecimated
dual-tree complex wavelet domain. The algorithm draws on
the multi-directionality and translation invariance characteris-
tics of the undecimated dual-tree complex wavelet. According
to the characteristics of the low-frequency image histogram,
the algorithm overcomes the problem that the existing algo-
rithm is easy to fall into local optimum due to the poor direc-
tionality and dependence on the initial clustering center. The
variable weight function is introduced in the segmentation pro-
cess, which effectively solves the problem that the algorithm
uses the fixed potential function which causes the algorithm
to be ignored in the relationship between the neighboring pix-
els, so that the final segmentation result is not good. The ex-
perimental results show that the VWMRMRF algorithm has
better anti-noise performance, higher precision and robustness
for MR image segmentation. It can effectively segment MR
images.
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