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ARTICLE INFO ABSTRACT

At present, magnetic resonance (MR) images have gradually become a major aid for clinical medicine, which has
greatly improved the doctor's diagnosis rate. Accurate and fast segmentation of MR images plays an extremely
important role in medical research. However, due to the influence of external factors and the defects of imaging
devices, the MR images have severe intensity inhomogeneity, which poses a great challenge to accurately seg-
ment MR images. To deal with this problem, this paper presents an improved active contour model by combining
the level set evolution model (LSE) and the split Bregman method, and gives the two-phase, the multi-phase and
the vector-valued formulations of our model, respectively. The use of the split Bregman method accelerates the
minimization process of our model by reducing the computation time and iterative times. A slowly varying bias
field is added into the energy functional, which is the key to correct inhomogeneous images. By estimating the
bias fields, not only can we get accurate image segmentation results, but also a homogeneous image after cor-
rection is provided. Then we apply our model to segment a large amount of synthetic and real MR images,
including gray and color images. Experimental results show that our model can provide satisfactory segmen-
tation and correction results for both gray and color images. Besides, compared with the LSE model, our model
has higher accuracy and is superior to the LSE model. In addition, experimental results also demonstrate that our
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model has the advantages of being insensitive to initial contours and robust to noises.

1. Introduction

Image segmentation is a basic task and key step in image processing.
To segment the part of the image that people are interested in by some
certain means is the main purpose of image segmentation, which fur-
ther provides effective and reliable foundation for subsequent image
recognition, analysis and other processes. At present, image segmen-
tation is mainly applied in fields such as machine vision, face re-
cognition, traffic control systems, satellite images, pedestrian detection,
medical images, and so on. In this paper, we mainly focus on the ap-
plication of medical image segmentation, especially MR images seg-
mentation, to conduct in-depth research and analysis.

In recent years, magnetic resonance imaging technology has de-
veloped rapidly and has important applications in clinical diagnosis and
treatment. Due to the defects of imaging equipment and technology,
MR images possess the characteristic of intensity inhomogeneity, that
is, the intensity of the same tissue in MR images varies with the dif-
ference of the position. Because of this problem, the traditional image
segmentation models [1-6] may incorrectly classify different issues in

MR images and thus cannot accurately segment MR images.
Normally, the characteristic of intensity inhomogeneity is con-
sidered to be caused by a slowly changing bias field. In order to elim-
inate the adverse effect of the bias field on image segmentation, we
need to estimate and correct the bias field information in the image.
The existing methods of bias correction for MR images are mainly di-
vided into two categories: prospective methods [7-10] and retro-
spective methods [11-14]. Both methods are to estimate the bias field in
the image and divide the original image by the bias field to get the
homogeneous image. For practical applications, the prospective method
[10] only deals with the bias field generated by the environment
equipment, but it cannot correct the inhomogeneity problem caused by
the patient, which greatly limits the utilities of the prospective method
in clinical medicine. However, the retrospective method [13] is ap-
plicable to most medical images because it corrects the image based on
the data information carried by it. Moreover, one of the most widely
used bias correction methods in the retrospective methods is based on
the image segmentation [15]. Accurate segmentation results make it
easier to correct the bias field. Li et al. [16] introduced a slowly varying
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bias fields and used the local intensity clustering property to propose a
new active contour model that can simultaneously segment and correct
the image with intensity inhomogeneity. In addition, based on the
image decomposition of MR images, Li et al. [11] represented the bias
field as a linear combination of 20 basis functions to propose the
multiplicative intrinsic component optimization (MICO) model. Iva-
novska et al. [17] introduced the smooth term of the bias field and
combined with the data term and the length term to propose a novel
image segmentation and correction model, in which the split Bregman
method is applied to efficiently solve the minimization problems of the
bias field and the level set function. Chen et al. [18] used the traditional
Gaussian distribution to describe the local intensity variations, and
proposed an automatic image segmentation and correction model. The
homogeneous image after the bias correction makes the feature in the
image more obvious and clear, which can help the doctor to improve
the efficiency and accuracy of diagnosing the disease as much as pos-
sible.

Partial differential equations (PDE) and the steepest descent method
are the common methods used in the image segmentation models
[5,6,19-22]. However, these methods require repeated iterative calcu-
lations to solve the energy functional, which are computationally ex-
pensive and inefficient. As a result, it is an important issue to find a fast
and stable numerical method for image segmentation models. In recent
years, the split Bregman method [23,24] with high efficient property
has been widely used in image segmentation models. Yang et al. suc-
cessively applied the split Bregman method into the region scalable
fitting (RSF) model [25], the improved local and global intensity fitting
(ILGIF) model [26,27] and the multiphase Vese-Chan model [28].
Compared with the steepest descent method, the split Bregman method
has higher computational efficiency since it greatly reduces calculation
time and iterative times.

As computer technology matures, people are paying more attention
to the segmentation of color images. Compared with gray images, color
images can provide more plentiful and specific information, but the
difficulty of segmenting them is also relatively large. Naturally, the
color image segmentation is regarded as an extension of gray image
segmentation to color images. Chan and Vese [29] extended their scalar
Chan-Vese model [5] to the vector-valued case for color images with
two-phase. Yang et al. [30] further improved the multiple Vese-Chan
model for color images by defining a new energy and applying the split
Bregman method to minimize the energy functional. In recent years,
more and more medical color images have been used for disease di-
agnosis, which may become a development trend in the future. Medical
color image segmentation not only is the basis of human tissue feature
extraction, registration, fusion and 3D reconstruction, but also is the
basis of image diagnosis. Consequently, it is essential to study the
segmentation method for medical color images.

In this paper, we combine the LSE model and the split Bregman
method to propose a fast image segmentation model in a variational
level set formulation. We first give the two-phase level set formulation
for our model and then naturally extend it to the multi-phase for-
mulation and the vector-valued formulation. Since the energy func-
tional of our model has the same special structure as the L1 regular-
ization problem, so we prefer to apply the split Bregman method to
minimize it efficiently, which greatly improves the speed of calculation.
Large amounts of synthetic and real images with intensity in-
homogeneity are used to test our model. Experimental results demon-
strate that our model can succeed in segmenting inhomogeneous
images, whether gray images or color images, and can provide sa-
tisfactory correction results simultaneously. Moreover, our model has
the advantage of being insensitive to initial contours and robust to
noise. In addition, numerical results further show that our model is
superior to the LSE model.

The rest of the paper are arranged as follows. We firstly give a brief
introduction for the LSE model and the split Bregman method in
Section 2. Then in Section 3, a new model for the two-phase level set
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formulation is proposed, and we further extend it to the multi-phase
and the vector-valued formulation. Meanwhile, the split Bregman
method is applied to minimize the energy functionals of proposed
model efficiently. Next, we apply our model to segment some synthetic
and real medical images and give specific experimental results in
Section 4. In Section 5, we make a concise summary for this paper.

2. Preparations
2.1. The LSE model

The LSE model, proposed by Li et al. in [16], is a novel model that
can segment images and estimate the bias field at the same time, in
which a local intensity cluster property is used to deal with the problem
of intensity inhomogeneity. In the LSE model, the intensity in-
homogeneity is considered as an inherent component of the image. Let
Q be the entire image domain, and I: Q — R be a given image. As a
result, for a measured image I, it is accepted to establish the image
model as follows:

I=bJ+n, @

where b is a slowly varying bias field that explains the main reason of
intensity inhomogeneity. J is the true image, which is seen as an ideal
image approximated by a piecewise constant function. And n is gen-
erally the zero-mean Gaussian noise.

The image domain Q is divided into N disjoint subregions {Q;}Y; by
the contour C, i.e. @ = [JX, Q;, and Q;(Q; = @ for i=j. By doing this,
the ideal image J can be approximated by N distinct constants, denoted
by C1,C2,...,CN-

Introducing a level set function ¢, the energy functional proposed in
the LSE model is:

F(¢, ¢, b) = E(@, ¢, b) + vL(¢) + uR(¢), (2)

where E(¢,c,b), L(¢), R(¢) are the data term, the length term and the
regularization term, respectively, defined as

N
E@,c.b)= [ (Zzi S K =0l - b(y)cilzczyMl—@(x)))dx,

Q \i=1

L@ = [ IVH.($)ldx,
Q

R@) = [ S0v¢l - 17dx,
Q

3
where c is a constant vector with ¢ = (cy,¢a,...,cn), X = (X,Y), ¥ = (5,0).
A, v and u are positive parameters. H, is a smooth function that ap-
proximates the Heaviside function, generally defined by

H.(w) = l[1 + Earctan(ﬁ)].
2 Fis € ()]

and M;(¢(x)) is the membership function of the regions @;, i=1,2,...,N,
denoted by

1, X e Ql‘,

M0, 6,0, -t = {50

)
Taking p as the radius, K, is the Gaussian kernel function with o as

standard deviation, defined by

1

2mo?
0,

e—\x\z/ZUz’

<
KO’(X) = Xl < P

otherwise,

(6)

where we choose p = 40 + 1 in this paper.
2.2. The split Bregman method

The split Bregman method [23] is a quick way used to solve the L1-
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regularized problems, which is required to have the following form:

nlllin(IR(u)Il + Q) @
where |-|; represents the L1-norm, R(-) and Q(-) are two functionals.

By introducing an auxiliary variable d, the following equivalent
constrained problem is considered:
min(ldl, + Q(u)) suchthat d = R(u)
u,d (8)
which is then converted to an unconstrained problem by adding a
quadratic penalty function:

min (1 + Q) + 4114 - RGP ), ©

where A is a positive parameter and ||| represent the L2-norm.

Because the penalty function only enforces the constraint d = R(u)
weakly, the continuation method needs to use very large value for the
penalty parameter A, which may cause the problem of numerical in-
stability. The split Bregman method can overcome this difficulty by
applying the Bregman iteration to enforce the constraint d = R(u)
strictly with a fixed value for A. Specifically, the split Bregman iteration
scheme for solving Eq. (7) or Eq. (8) can be explicitly expressed as
follows:

p)
kL, @kt = in (1d, + + =|ld — R(u) — b* 2),
(u ) = arg min ( L+ Q(w) 5 I () I 10)

where b is an introduced Bregman variable, which can be updated by:

bk+1 = bk + (R(u““) — dk+1), an

The most significant advantage of the split Bregman method is its
efficiency in solving the above L1 regularized problems compared with
traditional methods. Details about the split Bregman method and its
advantages can be found in [23,24,31,32]. Later in this paper we will
use this method to minimize our new energy functional more effi-
ciently.

3. The main work

Although the LSE model can successfully achieve image segmenta-
tion and bias field estimation for inhomogenous images at the same
time, its energy functional does not have the structure and properties
that can be solved by the split Bregman method, thus the standard
gradient descent method is used to minimize it, which results in much
slower calculation speed. In this paper, we incorporate the bias field,
the level set method and the global convex segmentation (GCS) method
to propose a new model, in which the energy functional has the same
particular form as the L1 regularization problem. Then we can apply the
split Bregman method to minimize the energy functional, which can
greatly improve the efficiency of the algorithm.

In this section, we mainly introduce our model in two parts: one is
to establish the energy functionals in Subsection 3.1, including the two-
phase, the multi-phase and the vector-valued formulation. The other is
to minimize energy functionals applying the split Bregman method in
Subsection 3.2.

3.1. The energy functional

3.1.1. Two-phase level set formulation
In order to establish the two-phase level set formulation, we set
N = 2. That is, the entire image domain Q is divided into two disjoint
regions Q; and Q,. By using a level set function ¢, we can represent the
two different regions by Q; = {x: ¢(x) > 0} and Q, = {x: ¢(x) < 0}.
The energy functional in our proposed model is defined as:

F($,¢,b)= [ g(VI®DIVé®)ldx + [ ()r(x)dx,
Q

Q (12)
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where ¢ = (c1,¢2), g is a nonnegative edge detection function, which is
introduced in detail below. r(x) is defined as

r(x) = Lie; — Ae,, 13)
where e;(x) is represented by
e = [ Ky -0 - by)aldy, i=12 (14)

The first term on the right hand side of the Eq. (12) is called the
weighted length term, which is mainly to regularize the length of
contour as short as possible and to make the contour smoother. And the
second term is the data fitting term, which attracts the contour to move
towards the boundary and makes the segmentation results as accurate
as possible.

Next we give a specific derivation process of the energy (12). Based
on the LSE model, we choose N = 2, then the energy (2) becomes

2
P, c.b)= [ (ZAi S Ky =) - b(y)cideMi(c;s(x)))dx

Q \i=1

+quVH€(¢)|dx+,uf%(IV¢l — 1)dx,
Q Q

(15)
where M; = H.(¢), and M, = 1 — H.(¢).

In order to get the result of image segmentation and estimate the
bias field b, we should minimize the energy function in Eq. (15) with
respect to ¢, b and ¢, respectively.

Keeping ¢ and b fixed, we minimize P(¢,c,b) in Eq. (15) with respect
to ¢ to obtain the optimal solution €:

- _ S OK)IM($(3))dy
L KM (¢ (y)dy

Keeping ¢ and c fixed, we rnir~1imize P(¢,c,b) in Eq. (15) with respect
to b to get the optimal solution b:

>

e

WK,
JO*K,

where JO = 37 eiMi(¢(y)) and J® = T | c2Mi((y)).
In order to evolve the level set function ¢ to get the eventually
contour, we minimize the energy function P(¢,c,b) in Eq. (15) with

E:

a7

respect to ¢ with ¢ and b fixed, and use the equation %: = —%, we can

get the following gradient flow equation:

ol [ V¢ [ V¢

—= = =6, (p)(ler — hey) + V8. (P)div] —— | + u| V3¢ — div]| — ||,

a @)l hey) + vi.(¢) IV( IV¢I) H( ¢ IV( IVl ))
a8

where e;(x) is denoted in Eq. (14). And the Delta function &, is defined
as the derivative of H,., which can be computed by

€

5. = H/(w) = ~

e+ w? (19)

Due to the last term of Eq. (18), it is difficult for us to get the form
suitable for solving with split Bregman method. Moreover, the last term
of Eq. (18) is derived from yf %(IV:}SI — 1)%dx in Eq. (15) whose role is
to maintain the regularity of the level set function. But this term has
very little effect on the segmentation result. Consequently, it is rea-
sonable for us to remove the last term from Eq. (18). Droping out the
last term from Eq. (18) and setting v = 1, we can get the following
equation:

%
at

= () her — her) + 5E(¢)div(ﬁ).

IVl (20)

By using the idea of the GCS method [33], we learn that the gradient
flow Eq. (20) has the same stable solution with the following simplified
equation:
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op )

= (e — Aey) + div| —|.

ar - e~ he) N(IW&I) 1)

Based on the simplified Eq. (21), we propose a new energy func-
tional:

F(¢, c, b):f|V¢(X)|dx+f¢(x)r(x)dx.
Q Q (22)

In addition, in order to detect the edge more easily, we introduce an
edge function g(|VI(x)|), denoted by

1

gIVIGD = =N

(23)

where f is non-negative parameter, and for a gray image I, |VI(x)|? is
defined as

ary?  (arY

VIRP=[—]| +|—]-
® ( ox ) ( dy )

Adding the edge function g(| VI(x)|) into the first term of the energy

functional (22), we get the eventual energy functional of the two-phase
level set formulation in Eq. (12).

(24

3.1.2. Multi-phase level set formulation

For those images with multiple regions, it is improper to segment
them by using the two-phase formulation described above. As a result,
we naturally need to extend our proposed method to the multi-phase
level set formulation, which needs to use multiple level set functions. In
this paper, in order to segment the brain MR images as accurately as
possible, we mainly pay more attention to establishing the four-phase
energy model. As described in [34], we know that n level set functions
can represent 2" disjoint regions at most. In such case, we prefer to
choose two level set functions because they are enough for us to re-
present four disjoint regions.

In detail, we choose two level set functions ¢; and ¢- in this paper to
denote the four regions by O ={¢, >0, ¢, > 0},
Q,={¢$,>0,¢, <0}, Q3={¢, <0,¢,>0} and Q, = {¢, <0, ¢, <0},
respectively. Then using ¢; and ¢,, we give the following energy
functional of the multi-phase level set formulation for our proposed
method:

F($), ¢, ¢, b)= v [ g(VI®DIVS,®)ldx + v [ gIVIE))IV, (x)
Q Q

ldx
+ [ 6 ®nmdx + [ ¢,®BEdx,
Q Q

(25)

where v is a positive parameter, ¢ = (¢;, ¢, C3, ¢4), and T;(x) and To(x)
are represented by:

{TI(X) = (hey — zes)He(p,) + (hey — A4e4)(1 — He(4,)),

T,(x) = (hey — he)He(p) + (Azes — Aqe4)(1 — He (), (26)

where A; (i = 1,2,3,4) is a positive constant, and e;(x) (i = 1,2,3,4) is
defined the same as Eq. (14). Although e;(x) has the same expression
form, there are still slight differences between the two formulas. In
detail, the values of i are from 1 to 4 in the multi-phase formulation,
while the values of i are only 1 and 2 in the two-phase formulation.

3.1.3. The vector-valued formulation

For color images, the image information is stored in multiple
channels, and characteristics of the image are not complete in a single
channel. In this case, if only one channel information is extracted to
segment the color image, it may result in incorrect segmentation results
with partial image information missing. In order to segment color
images as well as possible, we modify the previous proposed model
described in Section 3.1.1, and extend it naturally into the vector-
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valued formulation, in which the information of all channels is com-
bined sufficiently to segment the color image accurately.

Assume there are M channels in color images, and let I: Q — RM be
a given vector-valued image, and [; (j = 1,2,--- ,M) are the M channels of
the given image I. Let b; and ¢; (j = 1,2,...,M) be the bias field and the
average image intensity of the jth channel, respectively. For RGB
images, there are three channels, that is M = 3. In this paper, for sim-
plicity, we consider the RGB color images.

Taking the information of all channels into consideration, we
modify the energy functional (12) to establish a new energy functional
for color image as follows:

F(¢,c,b) = fg(|v1(x)|)|v¢(x)|dx+ f¢(x)f(x)dx,
Q Q (27)

where g(|VI(x)|) is the same edge function defined in Eq. (23), but
different from Eq. (24), |VI(x)| for a color image I in Eq. (27) is cal-
culated by:

onY (dLY (oY (oY (oY (onY
IVI |2=—1)+—1 +(—2)+—2 +(—3)+—3,
®) (6x ay 0x ay ox dy

(28)
and the function 7(x) in Eq. (27) is defined as:
1 3
F(x) = 3 Z (X181 — 4j2€2),
j=1 (29)

where A1, Aj, are two positive parameters in the jth channel. ¢;; is
denoted by

i = [ Ky =0 - bieiPdy, i=1,2. j=1,2,3.
Q

(30)

3.2. Minimization process by applying the split Bregman method

3.2.1. Minimization process for the two-phase formulation

In this paper, in order to minimize the energy functional (12), we
limit ¢ in the interval [-2,2] for the two-phase formulation to make
convergence faster. The minimization process can be performed by:

min F(¢)= min | [ gUVIGNIV¢m@ldx + [ ¢x)rxdx|.
—2<¢<2 —asgs2 | ) 0
(31)
The minimization problem (31) can be simplified as follows:
_212;22’7(@ = _min, [(IVgl, + (&, 1], (32)

where ||, and <> represent the weighted L1 norm and the inner pro-
duct, respectively, defined as follows:

IVl = [ @UVIGNIVE®))dx,
Q

@)= [ @Ermdx.
“ (33)

It is obvious that the minimization problem (32) is suitable to be
solved by the split Bregman method introduced in Section 2.2. Next we
give the solving process in detail.

By introducing an additional variable d = (dy,d,) and adding a
quadratic penalty functional to the energy to approximately enforce
d = V¢, we can convert Eq. (32) to the following unconstrained opti-
mization problems:

. A
@, a9 =ag_min |1, + .1+ Sia - v |
a (34

where A is a fixed positive parameter.
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In order to make the equality d = V¢ be strictly true, we apply the
Bregman iteration to Eq. (34) by adding a Bregman variable
m = (m,,m,), such that we obtain a series of unconstrained optimiza-
tion problems and Bregman iterations as follows:

(¢*+1, @+1) = arg min [Idlg +(p, r) + &”d — V- mk”z]’
—2<¢<2 2
d (35)

where m**! is updated by
1.nk+1 — mk + (V¢k+1 _ dk+1). (36)
What's more important, it is not to be ignored that ¢**! and d**?!

obtained by the minimization problem (35) converge to ¢" and d” in the
sense of L2 norm, respectively. To express in a mathematical language,
that is to say, lim [|¢**! — ¢*|| = 0 and lim ||d**! — d*|| = 0. The cor-

rectness of this conclusion has been prove?iwsuccessfully by Yang et al.,
and the detailed process of proof can be referred to [35].

In order to evolve ¢ to get the final contour, we need to minimize
Eq. (35) with respect to ¢ for fixed d:

¢**1 = arg min
—2<¢<2

A
,k+_dk_v_ kz]_
[<¢ r) 2|| ¢ —m"|| 37)
Solving the minimization problem (37), we can get the following
Euler-Lagrange equation:

k
k1 F 13 k k

=—+ V.(d* - s hy —2< ¢

A\ 1 ( m*), whenever ¢ 38)

Making use of the finite different method, we use the central dif-

ference to approximate A¢**! and use the backward difference to

approximate V-(d* — m¥), we discretize the problem (38) into the fol-

lowing scheme, which is also the iteration scheme for ¢**1.
k _ gk k k k
ajj=dyi1y— deij+ dyijor— dyigs
k _ .k k k k k
D =aij — (My iy — My + My — my;5),
1 1
k _ k k k k k k
4;; = Z( 1 TPy TPyt By — Zri.j + pi,j)’
k+1 ; k
¢iJ = max{min{ q, 2¢, —2;.
i (39)

Keeping ¢ fixed, we minimize Eq. (35) with respect to d. We need to
solve the following minimization problem:

A
dk+1= 3 dl, + =||d = V k+1 _ k2:|.
arg rx}iln [ e+ Il ¢ m"|| (40)

Through calculating the minimization problem (40), we can get the
optimal solution as follows:

d+l = shrinkg(mk + VgL, %)
= shrink(mk + Vgk+1, §)’
p) (41)

where shrink(z,r) is the vector shrinkage operator and it can be re-
presented by

zZ
— Izl — 7, 0), 0
shrink(z, r) = {|Z| max(lzl = r. 0) z¥
0, z=0. (42)

At the same time, it is worth noting that before updating ¢ in each
iteration, we must update ¢ = (c1,c») and b through Egs. (16) and (17),
respectively.

3.2.2. Minimization process for the multi-phase formulation

When we minimize the energy (25), we prefer to limit both ¢, and
¢- to the interval [-2,2] to accelerate the speed of convergence and to
get the global minimizer. Meanwhile, we simplify the minimization
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problem as follows:

min
—2<¢,$,<

+ (¢ T) + (¢, B)],

where |-|; and <-> are the weighted L1 norm and the inner product
defined in Eq. (33).

Analogous to the solving process of the two phase formulation, the
split Bregman method is applied into the multi-phase level set for-
mulation. Introducing auxiliary variables d;, d;, m; and m,, the
minimization problem (43) can eventually be transformed into the
following scheme:

min  F(¢,, ¢,, ¢, b) =

—2<¢,$,<2

[0V, |, + VIV,
2

(43)

($F1, l+1, i+, dit = arg_zrg;gz (ldilg + vidoly + ($y, T) + (¢, To)

dp,dy
A A
+21d - Vg, — milP + 2 - V4, - m’;||2),

44

k+1

where m; ™" is updated by

m* = mj + (V¢ - di*), =1, 2. (45)

Minimizing Eq. (44) with respect to ¢ for fixed d; and d,, we obtain
the following Euler-Lagrange equation:

le

A¢lk+1 —

=1,2.

+ V«(df —mf), whenever —2<¢f<2, 1

(46)

Using the same finite difference method as described in
Section 3.1.1, we discretize the problem (46) into the following nu-
merical iteration scheme for updating ¢; (I = 1,2):

k k k k k
aij = dericy — derij + dyijo1 — dyigs

k k k k k k
Dpij = Wi — My i1 — My + My — My,

1
Ty + szci‘;)’

1
Kk _ k k k k
q,; = Z(¢l,i—1,j + ¢l,i+1j + ¢l,i,j—1 + ¢l,ij+1 - 1

k
¢lkij;1 = max {min{ q, 2}, —2}.
’ Lij

Keeping ¢; and ¢, fixed, we minimize Eq. (44) with respect to
d,(l = 1,2) to get the optimal solution as follows:
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it = shrinkg(mf + VgL, %)

— i k k+1 U
= shrlnk(ml + Vo, Ag), 48)
where shrink(z,r) is the vector shrinkage operator described in Eq. (42).
Likewise, we should pay more attention that we must update
¢ = (c1,€2,C3,¢4) and b through Egs. (16) and (17) with i = 1,2,3,4 for
the multi-phase formulation before updating ¢; and ¢,, respectively.
The only difference between the formulations in the specific update
process is that the value of i is not the same. Specifically, when we
update ¢ and b for the multi-phase formulation, the value of i is set to
i=1,2,3,4 rather than i = 1,2 for the two-phase formulation. Mean-
while, it is worth noting that when we update b for the multi-phase
formulation, J and J® of Eq. (17) become J® = Z?;l ciM; (¢ (y)) and
J@ = 2;1 cM; (¢ (y)), respectively.

3.2.3. Minimization process for the vector-valued formulation

In the two-phase formulation, we limit ¢ to [-2,2], here we choose
to let ¢ take a value in [-1,1] to make the speed of convergence faster.
Meanwhile, comparing the two-phase formulation and the vector-va-
lued formulation, we find that their energy functional is very similar,
and the only difference is the way to calculate r(x) in the data fitting
term. Specifically, r(x) in Eq. (13) of the two-phase formulation is
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replaced by 7(x) defined by Eq. (29) in the vector-valued formulation.
However, the slight difference in the calculation way will not affect the
entire minimization process. Consequently, the process of using the
split Bregman method to minimize the vector-valued formulation is the
same as the minimization process of the two-phase formulation. For this
reason, we only give the final iterative scheme for minimizing the en-
ergy in the vector-valued formulation as follows:

k _ gk k k k
iy = Ay = dyiy + dyijo1 — dyys

kK _ Lk k k k k
Dy =iy — (Myqj = Mgy + My — My,

e _ 1k k k k 1k k
4 = Z( 1y TPy TPyt By — ;"l}i + piJ)’

k
¢i5.+1 = max{min{q, 1}, —1}.
ij

In the above iteration scheme, m and d are iterated by the same
format as Egs. (36) and (41). In each iteration, we should pay more
attention that we must update b and ¢ through Egs. (50) and (51) before
updating ¢.

(49)

- @GIVYK,
j = @ , J=1,2,3,
T Ky (50)
where 7 = 337 ¢;Mi(¢(y)) and J? = 337 i Mi($(¥))-
b*K, ) M; d
5, = f<,2 MGGy
J (b7 K)Mi (¢ () dy (51)

4. Experimental results

In this part, we mainly use the proposed model to segment a total of
91 synthetic and real MR images with intensity inhomogeneity, in-
cluding the two-phase, multi-phase and color images, and further ex-
hibit their segmentation results, the estimated bias fields and the bias
correction images.

4.1. Experimental results for two-phase images

In this part, we mainly show some experimental results for two-
phase images. For all two-phase MR images, we almost select the same
parameter settings. In detail, we set the scale parameter 0 = 20.0, ¢ = 1
and A = 1 in quadratic penalty function. In the experiment, the sizes of
images in Fig. 1 are 123x120, 123120, 191 x 153 and 169 x 204.
Besides, the sizes of all synthetic images used in our experiments are
90 X 90. To verify the accuracy and efficiency of our model, we also
apply the LSE model and the MICO model to segment MR images and
further quantitatively compared their experimental results.

In order to quantitatively evaluate the segmentation accuracy and
the correction effect, we introduce two evaluation criteria: the Dice
similarity coefficient (Dice) and the coefficient of variations (CV). The
Dice value is a similarity metric to evaluate the segmentation accuracy,
which is defined as follows:

2N (81S2)

Diee(S1 52 = 4o T N (s’

(52)
where N(-) denotes the number of voxels on the closed set, S; denotes
the region segmented by the model, S, denotes the truth region in
general. The closer the Dice value is to 1, the more accurate the seg-
mentation result is.

The CV value is an effective measure to evaluate the correction ef-
fect, which is defined as:

_02)

w@)’

where Z denotes the target region. o represents the standard deviation

(53)
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of the intensity in the region, and u is the average of the intensity in the
region. In general, the smaller the CV value is, the more homogeneous
the image is and the better the correction effect is.

We apply our model to segment 8 different heart MR images with
intensity inhomogeneity, all of which are downloaded from the RV
Segmentation Challenge in Cardiac MRI at http://www.litislab.fr/?
projet=1rvsc. For simplicity, we only show 4 representative experi-
mental results in Fig. 1. Row 1 to Row 4 in Fig. 1 are 4 different heart
MR images to be segmented. And original images with initial contours,
segmentation results, the estimated bias field and the bias correction
images are shown in Column 1 to Column 4, respectively. From Column
2 in Fig. 1, it is obvious to see that our model can accurately segment
these inhomogeneous heart MR images. Meanwhile, as shown as the
correction images in Column 4, our model succeeds in eliminating the
effects of the bias field such that the bias correction images are
homogeneous enough.

In order to compare the accuracy of our model and the LSE model,
we also apply the LSE model to segment the same heart MR images with
the same initial contours as our method and show their results in Fig. 2.
Due to the inhomogeneity and complexity of the heart MR images, we
cannot intuitively compare the quality of both models by eyes. As a
consequence, we choose the segmentation results of synthetic images,
as shown in Fig. 4, to compare the accuracy of our model and the LSE
model.

In addition to the LSE model, we also apply the CV model, the RSF
model and the LGIF model to segment the same heart MR images as our
model. To facilitate the comparison of the segmentation accuracy of
these 4 models, we simultaneously show their segmentation results in
Fig. 3. In this experiment, all models use the same initial contour.
Original images with the initial contour is shown in Column 1, while
Column 2 to Column 5 are the segmentation results of the CV model,
the RSF model, the LGIF model and our model, respectively. By com-
parison, our model is significantly more accurate than the RSF model.
Moreover, our model is more precise than the CV model and the LGIF
model in terms of detail processing.

To compare the correction results of the LSE model and our model,
we introduce the variance metric to quantitatively evaluate the cor-
rection effect. The variance value used in this paper is to calculate the
variance for the entire image intensity. The smaller the variance value
is, the more homogeneous the image is, which indicates that the effect
of bias field correction is better. Here, we calculate the variance of
original images and bias correction images obtained by the LSE model
and our model, and record them in Table 1. Comparing the data in
Table 1, it's easy to find that the variance of bias correction images
obtained by our model is significantly lower than that of original
images, from which we conclude that our model can well weaken the
phenomenon of intensity inhomogeneity in the original image. In ad-
dition, the variance of bias correction images obtained by our model is
also smaller than that of the LSE model, which further illustrates that
the correction effect of our model is better than the LSE model.

To verify the efficiency of our method, we also record the CPU time
of the LSE model and our model in Table 2 when we segment the same
heart MR images in Fig. 1. Observing the CPU time in Table 2, we can
find that compared with the LSE model, our model takes significantly
less time when segmenting the same image, which demonstrates that
our model is more efficient than the LSE model.

In Fig. 4, we synthesize a total of 30 synthetic images with intensity
inhomogeneity by ourselves, and then use them to test the sensitivity of
the LSE model and our model to the initial contour and noise, respec-
tively. Among them, Row 1 to Row 3 are the experiment results of our
model and the LSE model for different initial contours, while Row 4 to
Row 6 are the experiment results of our model and the LSE model for
different noises. Then, we analyze these experimental results in two
aspects.

On the one hand, we first analyze the sensitivity of the LSE model
and our model to the initial contour. In Fig. 4, Row 1 shows five original
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(0)

Fig. 1. Applications of our model to segment 4 different heart MR images. Column 1: Original images with initial contours; Column 2: Segmentation results; Column
3: The estimated bias fields; Column 4: The bias field correction images. 0 = 20, f =10, A1 = Ay = 2 X 1076,

synthetic images with different initial contours, in which the former
three images have the same intensity distribution but with different
initial contours, while the fourth and fifth images not only have dif-
ferent initial contours but also differ from the former three images in
intensity distribution. Row 2 and Row 3 represent the corresponding
segmentation results of the LSE model and our model, respectively.
From the segmentation results, we can see that our model can accu-
rately segment the inhomogeneous images with different initial con-
tours, but the LSE model gives incorrect segmentation results when
dealing with such images, which demonstrates that our method is su-
perior to the LSE model and is not sensitive to initial contours.

On the other hand, we analyze the effect of noise on our model.
Here, we apply our model and the LSE model to segment the same
synthetic images with different Gaussian or random noises. In Fig. 4,
original synthetic images with the same initial contour but different
noises are shown in Row 4, and the corresponding segmentation results
of the LSE model and our model are shown in Row 5 and Row 6, re-
spectively. It can be seen that even if the images are polluted by noise,
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our model can still segment them accurately, but the LSE model is
disturbed by noise to give incorrect segmentation results, which further
illustrates that our model is robust to noises. In conclusion, experi-
mental results in Fig. 4 demonstrate that our model is not only in-
sensitive to initial contours, but also robust to noises.

In order to quantitatively compare the segmentation accuracy of the
LSE model and our model, we calculate the Dice values of the two
models for different initial contours and different noises, respectively,
and plot them as the scatter plots in Fig. 5. Fig. 5 (a) is the Dice values
obtained by our model and the LSE model for different initial contours.
It shows that the Dice values of our model are equal to 1, and are far
greater than those of the LSE model, which demonstrates that our
model is superior to the LSE model, and is not sensitive to initial con-
tours. In addition, Fig. 5 (b) shows the scatter plot of the Dice values for
different noises. Similarly, we can see that the Dice values of our model
are always equal to 1 that are much larger than those of the LSE model,
from which we conclude that our model gives completely accurate
segmentation results for images with different noise. As a consequence,
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Fig. 2. Applications of the LSE model to segment 4 different heart MR images. Column 1: Original images with initial contours; Column 2: Segmentation results;
Column 3: The estimated bias fields; Column 4: The bias field correction images. 0 = 15, u = 1, v = 0.001 x 2552

Fig. 5 quantitatively verifies that our model is not sensitive to initial
contours, and is robust to noises.

4.2. Experimental results for multi-phase images

Brain and heart MR images are typical multi-phase images with
intensity inhomogeneity, which is suitable to test accuracy of our multi-
phase model in segmentation and correction. In this section, a total of 4
heart MR images and 43 brain MR images are used to test our model.
Besides, in order to quantitatively analyze the segmentation accuracy
and the correction effect of our model, we calculate the Dice values and
the CV values to evaluate them, respectively.

In Fig. 6, three real brain MR images with intensity inhomogeneity
are segmented and corrected by our model, which are downloaded from
International Open Challenge Competition named MR Brain Image
Segmentation 2013 at https://grand-challenge.org/challenges/. Ori-
ginal brain MR images, segmentation results, bias correction images,
and the estimated bias are shown from Column 1 to Column 4,
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respectively. From the experimental results shown in Fig. 6, we can see
that our model can accurately segment the white matter (WM), the gray
matter (GM) and the cerebrospinal fluid (CSF). What's more, the bias
correction images are more homogeneous and clear. All of these in-
dicate that our model has a good performance in dealing with in-
homogeneous images corrupted with bias field.

In the human heart MR image, the intensities of the left atrium and
the left ventricle are similar to those of the myocardial wall due to
imaging device, which creates a great difficulty in segmenting heart
images. In this paper, we download the human heart MR images with
intensity inhomogeneity from Grand Challenges in Biomedical Image
Analysis at https://grand-challenge.org/challenges/, and then apply
our model to segment and correct them. Specific experimental results
are shown in Fig. 7. Column 1 to Column 4 are original images, seg-
mentation images, bias correction images, and estimated bias, respec-
tively. Observing the segmentation results in Column 2, we find that
our model accurately segments the left atrium and the left ventricle.
Besides, from the bias correction images shown in Column 3, it is
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(s)

Fig. 3. Comparison results of the CV model, the RSF model, the LGIF model and our model to segment the same heart MR images in Fig. 1. Column 1: Original images
with initial contours. Column 2: The CV model. Column 3: The RSF model. Column 4: The LGIF model. Column 5: Our model.

obvious that the bias field correction successfully eliminates the char-
acteristic of intensity inhomogeneity and improves the intensity of the
left atrium and the left ventricle, making them look clearer.

In order to test the effect of our model in bias correction, we provide
the intensity distribution of original images and bias correction images
which are listed in the Column 1 and Column 3 of Fig. 7, respectively.
In Fig. 8, the histogram is a tool for us to show the intensity distribution
of each image. In each subfigure, the left is the intensity histogram of
the original image, and the right is the intensity histogram of the bias
correction image. Through comparative analysis, the intensity dis-
tribution of the original image is relatively scattered and usually con-
tains 3 distinct peaks representing the intensities of the left atrium, the
left ventricle and the myocardial wall, which indicates that the intensity
in the original image varies greatly such that the original image is very
inhomogeneous. However, there are only two distinct peaks in the in-
tensity histogram of the bias correction image, one representing the
intensity of the left atrium and the left ventricle, and the other re-
presenting the intensity of the myocardial wall. This is because our
model has the ability to eliminate the adverse effects of bias and cor-
rects the intensity of the left ventricle and the left atriums to be very
close. Although there are still three obvious peaks in Fig. 8 (c), it is
more concentrated than that of the original image, indicating that the
bias correction image is more homogeneous than the original image. As
a consequence, comparison of the intensity histogram quantitatively
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demonstrates that the correction effect of our model is satisfactory.

In order to test the performance of our model for brain MR images,
we apply our model to segment a total of forty brain MR images with
intensity inhomogeneities, and then calculate the Dice values and the
CV values to evaluate the segmentation accuracy and the correction
effect, respectively. All brain MR images and their groundtruths are
downloaded from International Open Challenge Competition named
MR Brain Image Segmentation 2013 at https://grand-challenge.org/
challenges/. The initial contours of all images are random. In Fig. 9,
instead of showing all experimental results, we only give the segmen-
tation results of our model for four representative images, which are
selected from forty brain MR images. Original images, segmentation
results, bias correction images and bias fields are displayed from
Column 1 to Column 4, respectively. Observing and analyzing the
segmentation results, we find that WM is accurately segmented by the
internal red contour, while the blue contour exactly detects the area of
GM. On the other hand, from the bias correction images, our model
increases the intensity of the darker area in the original image to
eliminate the negative effects of the bias field, that's why bias correction
images look more homogeneous and clearer. All of these illustrate that
our model has extremely satisfying results for brain MR images.

The Dice value is an effective metric for quantitative analysis of
segmentation accuracy. Here, in order to quantitatively compare the
LSE model, the MICO model and our model, we apply the LSE model
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Fig. 4. Segmentation results of the LSE model and our method for 10 synthetic images with severe intensity inhomogeneity. Row 1: Original images with different
initial contours. Row 2: Segmentation results of the LSE model. Row 3: Segmentation results of our model. Row 4: Original images with the same initial contour but
different Gaussian or random noises. Row 5: Segmentation results of the LSE model. Row 6: Segmentation results of our model.

Table 1
Comparison of the variance of the bias correction images with the LSE model
and our model. (* 103, unit: pixel).

Table 2
Comparison of the CPU time with the LSE model and our model to segment the
same images in Figs. 1 and 2. (unit: second).

Fig. 1 (a) Fig. 1 (e) Fig. 1 (@) Fig. 1 (m) Fig. 1 (a) Fig. 1 (e) Fig. 1 (Q) Fig. 1 (m)
Original images 5.253 8.501 8.261 7.215 LSE model 2.572 2.363 3.422 3.849
LSE model 3.512 5.208 6.846 6.994 Our model 0.416 0.428 0.940 1.130
Our model 2.509 5.180 3.850 6.588

and the MICO model to segment the same forty brain MR images as our
model, respectively, and then calculate their Dice values to evaluate the
segmentation accuracy. In Fig. 10, we specifically show the box plots
for the Dice values. Column 1 to Column 3 represent the Dice values of
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CSF, GM and WM, respectively. As can be seen from the three box plots,
whether WM, GM or CSF, Dice values of our model are obviously higher
than those of the LSE model and the MICO model. In detail, for WM, the
median, the lower quartile and the upper quartile of the Dice values for
our model are 0.8689, 0.8347 and 0.9146, respectively, while those of
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Fig. 5. Dice values of the segmentation results given by the LSE model and our model. (a): Dice values with different initial contours; (b): Dice values with different

noises.

the LSE model are 0.7716, 0.6339 and 0.7964, respectively, and those
of the MICO model are 0.8266, 0.7792 and 0.8879, respectively. Nu-
merical comparison verifies that the Dice values of our model are not
only higher than those of the LSE model, but also obviously greater than
those of the MICO model. As a consequence, numerical results

8)

quantitatively demonstrate that our model is superior to the LSE model
and the MICO model in terms of the segmentation accuracy.

In addition to the Dice values, we also calculate the CV values of the
LSE model, the MICO model and our model to quantitatively compare
their correction effect. In Fig. 11, we show the box plots of the CV

M

Fig. 6. Application of our model to three real brain MR images. Column 1: Original images; Column 2: Manual segmentation results; Column 3: Bias correction
images; Column 4: Estimated bias fields. 0 = 10, A =1,¢ =0.01, =01, Ay = A2 = A3 =As =1 X 1073,
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Fig. 7. Application of our model to four real heart MR images. Column 1: Original images; Column 2: Segmentation results; Column 3: Bias correction images;
Column 4: Estimated bias fields. 0 =12, A =1,¢ =0.03, =1, A4 =Ax =A3 =As =1 X 1073,

values for WM and GM, respectively. From the box plots of the CV
values, we can visually see that the CV values of our model are not only
lower than those of the LSE model, but also lower than those of the
MICO model. To make the contrast more obvious, we give the specific
numerical results to powerfully compare the correction effect of the LSE
model, the MICO model and our model. For WM, the median, the lower
quartile and the upper quartile of the CV values for our model are
0.1524, 0.1350 and 0.1695, respectively, while those of the LSE model
are 0.2322, 0.2004 and 0.2659, and those of the MICO model are
0.1847, 0.1774 and 0.2003, respectively. Similarly, for GM, the
median, the lower quartile and the upper quartile of the CV values for
our model are 0.1377, 0.1294 and 0.1620, respectively, while those of
the LSE model are 0.1692, 0.1552 and 0.2151, and those of the MICO
model are 0.1573, 0.1461 and 0.1949, respectively. Through com-
paring specific values, we can get the same conclusion that the CV
values of our model are lower than those of the LSE model and the
MICO model. Therefore, comparison of the CV values quantitatively
demonstrates that our model outperforms the LSE model and the MICO
model in terms of correction.
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4.3. Experimental results for color images

Due to the light illumination, there are very serious intensity in-
homogeneities in the retina image, which poses a great challenge for
segmenting blood vessels in the retina. In this section, we download the
original retinal images from the Indian Diabetic Retinopathy Image
Dataset (IDRID) website at https://idrid.grand-challenge.org/. Then,
we cut out representative parts from three different retinal images for
experimentation. We apply our proposed vector-valued model to seg-
ment three intercepted retinal images with obvious intensity in-
homogeneities and show the specific results in Fig. 12. Segmentation
results Column 2 tell us that blood vessels in retinal images are accu-
rately segmented by our model. As seen from bias correction images in
Column 3, our model succeeds in eliminating the effects of the bias field
by decreasing the intensity of the brighter area or increasing the in-
tensity of the darker area to make the corrected images more homo-
geneous and clearer than original images. All experimental results il-
lustrate that our model has satisfactory segmentation and correction
results for color images with intensity inhomogeneities.


https://idrid.grand-challenge.org/

Magnetic Resonance Imaging 57 (2019) 50-67

Y. Yang et al.
Histogram of original image Histogram of bias corrected image Histogram of original image Histogram of bias corrected image
3500 T T 4000 T T 3000 T T 4500 T T
\
\/‘ /\ 4000 \‘ “
3500 | 1 [ il
3000 - |
/‘/\ “ ‘ 25001 /‘\ A i ‘\ |
I [ 3500 ‘ g
| | 30001 | f | I ‘
8 B |
2500 1l | [ ||
[ | 2000} [ 1 i 3000| a i
L 2500 ‘ , | \ ‘
£ 2000 NI E . ]
g anl s M s I & 200 ]
o I || S 2000+ | , S 1500+ | | 4 °
2 [ g “ £ I “ | £ 2000 | .
\ 18 / T |
/ | 1500(- [ 1 I | \ [
| || / ‘ 1000 | | | ‘ 1 1500 [ | ‘ 1
1000 | ‘ E ‘ ‘ / [
| L | | | |
A \ “ | 1000 /'/\\\ | ‘\ I , ‘ 1000 f ‘\“ ‘\ g
| |
500 / | | / \ 500 | )‘ “ g | | \‘
[ | ] 5001 1 | |
,'/ j‘ \ ,’/ / “ ” // ‘0‘ 500 | ‘ 1
| - \ J \ - | / \
J
= . . 0 . . 0 . . 0 .
0 100 200 300 0 100 200 300 0 100 200 300 0 100 200 300
intensity intensity intensity intensity
(a) (b)
Histogram of original image Histogram of bias corrected image Histogram of original image Histogram of bias corrected image
2500 T T 4000 T T 4000 T 6000
|
Il \ |
| \\
I N ﬂ‘ 3500 “ 8 35001 I : ‘\
an [ ‘ I 5000 - “ 1
2000} "“\ 1 \‘ Iy [l
| I
/" " \H 3000} “ 1 3000} “‘ \‘/\‘ 1 “‘ “
\ |/ ‘ | \
/\ [ N \‘ | "\‘ 4000 n -
w I 25001 [ : 25001 | 1 “
g 15007 || L 3 I 2 || 2 |l
s | | i | g, | 2 |
5 ‘ \ S 2000 | || 1 S 2000} “\ | 4 S 30000 [ ‘ E
5| ‘ \ g | U] 5 I l 5 ‘
£ £ I | g I [ 5 e
2 1000( | | ‘ ‘ £ 1500k /\‘ 1% isool || | 1 F
[ \ \ I |
[ ‘ ’ 2000} |\ \ .
| A I N
[ ‘ \ 1000f | | g 1000 | | ‘ g [ |
s | | ’ p [ [ ] | \ I |
I R B oo || *
I\ T . o> 1 A
| / | | | | \ I |
‘ ~ & / \J ‘o . ‘ | )/
o ‘ ‘ ol ‘ \ ol ‘ \y; ol — ‘
0 100 200 300 0 100 200 300 0 100 200 300 0 100 200 300
intensity intensity intensity

intensity

(c)

(d)

Fig. 8. Histogram of intensity distribution of the original image and the correction image. In each subfigure (a)-(d): The left graph is the intensity distribution of the

original image, and the right graph is that of the bias correction image.

In Fig. 13, three melanoma images are used to test our model, which
are downloaded from ISIC 2017: Skin Lesion Analysis Towards Mela-
noma Detection at https://idrid.grand-challenge.org/. From original
images in Column 1, we observe that three images have different de-
grees of intensity inhomogeneity, and edges of the melanomas are very
blurred. In this circumstance, we apply our model to segment such
melanoma images. Segmentation and correction results are shown in
Column 2 and Column 3, respectively. As can be seen from segmenta-
tion results, the edge of the melanoma is well detected by our model,
even if it is very unclear. More importantly, our model overcomes the
difficulty of intensity inhomogeneity caused by the bias field and gives
more accurate segmentation results. Besides, the factor of bias has been
successfully removed by our model so that correction images are more

homogeneous and clearer.

4.4. Review on results and limitations of the proposed model

4.4.1. Review on results

In this paper, we mainly use three types of images with intensity
inhomogeneity to test the performance of our model, including the
heart MR images, the synthetic images and the brain MR images.
Meanwhile, quantitative comparison experiments are also performed
for all categories to further compare the segmentation accuracy and the
correction effect of our model and other models.

First, for the two-phase heart MR images, we not only calculate the
variance of the correction images obtained by our model and the LSE
model, but also record the CPU time taken by them, which are shown in
Tables 1 and 2, respectively. Comparisons of the variance and the CPU
time quantitatively demonstrate that our model is superior to the LSE
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Fig. 9. Results of our model for four real brain MR images with severe intensity inhomogeneities. Column 1: Original images; Column 2: Segmentation results;
Column 3: Bias correction images; Column 4: Estimated bias fields. 0 = 11, A =1,¢=0.08, =1, A, =Ay =Az=As =1 x 1073,
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Fig. 10. Dice values of the white matter, the gray matter and the cerebrospinal fluid in brain MR images with the LSE model and our model. (a): The cerebrospinal
fluid; (b): The gray matter; (c): The white matter.
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Fig. 11. CV values of the white matter and the gray matter in the bias correction images obtained by the LSE model, the MICO model and our model. (a): The white

matter; (b): The gray matter.

model in correction and efficiency. Second, for the synthetic images,
the Dice values for different initial contours and different noises are
calculated, and are drawn as the scatter plots in Fig. 5, which quanti-
tatively verifies that our model is more accurate than the LSE model.
Moreover, the Dice values also demonstrate that our model is not
sensitive to initial contours, and is robust to noises. Third, for the multi-
phase heart MR images, we compare the intensity distribution histo-
gram of the original image and the correction image obtained by our
model, which illustrates that the correction image is more homo-
geneous than the original image such that the correction effect of our
model is satisfactory. Finally, for the brain MR images, we calculate the

Dice values and the CV values of the LSE model, the MICO model and
our model, which are drawn as the box plots in Figs. 10 and 11, re-
spectively. Comparisons of the Dice values and the CV values quanti-
tatively illustrate that our model is superior to the LSE model and the
MICO model both in the segmentation accuracy and the correction ef-
fect. In conclusion, all comparison experiments demonstrate that our
model has the advantages of accuracy, excellent correction effect and
high efficiency.

4.4.2. Limitations of the proposed model
In this paper, we verify that our model can accurately segment and

W)

Fig. 12. Experimental results of three different retinal images with serious intensity inhomogeneities segmented by our vector-valued model. Column 1: Original
images; Column 2: Segmentation results; Column 3: Bias correction results; Column 4: Bias fields. 0 = 10, A = 1, ¢ = 0.005, A, = A, = 1, = 10.
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(k)

0]

Fig. 13. Segmentation and bias correction results of our vector-valued model for three different melanoma images with intensity inhomogeneity. Column 1: Original
images; Column 2: Segmentation results; Column 3: Bias correction images; Column 4: Bias fields. 0 = 10, A =, ¢ = 0.05,A; = A, =1, =1.

correct multiple types of medical images with intensity inhomogeneity,
including the two-phase, the multi-phase and color medical images.
Although our model has excellent and satisfactory applications in a
variety of medical images, there are still some limitations in our model.
First, we have done a lot of experiments on medical images, and the
experimental results have been quantitatively demonstrated to have
high accuracy compared with the ground truths given by doctors, but
we still lack some experiments in clinical application, and we are
dedicated to this work. Second, we only apply the vector-valued model
to color retinal images and melanoma images in this paper. In the fu-
ture, we will collect more types of color medical images to test the
practical value of the vector-valued model.

4.5. Discussion of parameters

4.5.1. Selection criteria of parameters

In all experiments, choosing the right parameters is critical to our
model, and it is closely related to the accuracy of the segmentation
results. There are 6 different parameters involved in our model, in-
cluding o, A, €, A, A, and B. In this paper, we use A =1 for all ex-
periments, and use ¢ = 1 for two-phase experiments. In addition, we
have also listed the specific parameter values used for the images in the
caption of the figure. Next, we specially explain the selection criteria
and the practical significance of each parameter in our model.

The parameter o named the scale parameter, which determines the
size of the window generated by the Gaussian kernel function. In gen-
eral, the size of the window is (40 + 1) X (40 + 1), which means the
smaller the value of o is, the smaller the window is. When o takes a
smaller value, our model will consider more local information.
Conversely, a larger 0 will make less local information to be considered.
As a consequence, if the intensity inhomogeneity of the image is very
serious, we can choose a smaller o to accurately segment them. If the
images are with slight intensity inhomogeneity, a larger o is enough to
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accurately segment them.

The parameter A is the coefficient of the quadratic penalty function
in the minimization process of applying the split Bregman method, and
its main function is to strictly constrain the equation d = V¢. As we all
know, one important advantage of applying split Bregman method is
that we can set A to a fixed value. In our experiment, we set A, = 1.

The parameter ¢ is used in the smooth approximation function H, of
the Heaviside function H. In this paper, we choose ¢ = 1 as usually.

The parameters A; and A, are used to balance the energy inside and
outside the contour, respectively. In general, A; and A, take the same
value. But in some special cases, we also choose different A, and A, to
ensure more accurately fit the energy inside and outside the contour.

The parameter f is used in the edge detection function, which de-
termines the detail level of the segmentation. When f takes a large
value, even if the image gradient is very small, the edge function can
accurately detect its boundary, so our model can get more contours to
give more detailed segmentation results. However, if we only want to
get a rough contour, we can choose a relatively small 3, so that only
when the image gradient is large, it can be segmented. In our experi-
ment, we usually set § = 1.

4.5.2. Discussion on the parameter selection sensitivity

To give the optimal parameter selection, we utilize the Dice value to
test the impact of different parameter combinations on segmentation
accuracy. Here, we use the brain MR images in Fig. 9 to do the fol-
lowing experiments.

First, we discuss the optimal parameter selections for  and o. Fixing
AM=A=A3=As=1x 103 A =1ande = 0.05, we vary the values
of B with equal steps in the interval [1, 10], and vary the values of o
with equal steps in [5, 15]. Based on the above setting, we use different
combinations of  and o to calculate the Dice values for GM and WM,
and record the corresponding CPU time at the same time. The specific
experimental results are shown in Fig. 14. Observing Fig. 14 (a) and (c),
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Fig. 14. The trade-off between values of o and f3 versus the segmentation accuracy and CPU time.

as the value of o increases, the Dice value and the CPU time also in-
crease gradually. Moreover, when the value of o reaches 11, the Dice
value almost reaches a stable state, and even if o continue to increase,
the change of the Dice value is very small, but the CPU time greatly
increases. Fig. 14 (d) more clearly shows the change of the Dice value
with o taking values in [11, 15]. From Fig. 14 (d), we find that when o
increases from 11 to 15, the corresponding Dice value gradually de-
creases. Therefore, the optimal selection for ois 11. In addition, for the
parameter f3, we find with o fixed, the change of f3 has little effect on the
Dice value. For this reason, we can choose the parameter f§ flexibly. But
we still can observe from Fig. 14 (d) that as the value of  increases, the
Dice value is slightly reduced. To get the highest segmentation accu-
racy, we choose the optimal value = 1. Besides, the situation of GM is
similar to that of WM, which can be seen from Fig. 14 (b) and (e). As a

consequence, we set 0 = 11 and 3 = 1 for brain MR images in Fig. 9.

Second, we discuss the optimal selections for A and e. For the
parameter A, we vary its value with equal steps in [1, 10], while we let ¢
take values with equal steps in [0.01, 0.1]. Then, we use different
combinations of A and ¢ to calculate the Dice values and CPU time,
which are shown in Fig. 15. From Fig. 15, we find when A = 1, its Dice
values are generally higher than the Dice values of A taking other va-
lues. Besides, with A = 1, when ¢ increases to 0.04, the Dice value is
almost stable. As a result, we can choose the value of ¢ flexibly in [0.04,
0.1]. Observing Fig. 15 (c), keeping A = 1 fixed, ¢ = 0.08 spends the
least CPU time. As a consequence, under the premise of obtaining
higher Dice values, for the purpose of saving time, we set A = 1 and
¢ = 0.08 for brain MR images.
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Fig. 15. The trade-off between values of A and ¢ versus the segmentation accuracy and CPU time.
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5. Conclusion

In this paper, we incorporate the bias field, the level set evolution
method and the GCS method to propose an improved active contour
model, including the two-phase, multi-phase and vector-valued for-
mulations. Since the energy functionals have special structures, it's
reasonable to apply the split Bregman method to minimize the proposed
energy functionals. Based on our model, we can simultaneously achieve
image segmentation and bias correction for images with serious in-
tensity inhomogeneity. Large amounts of synthetic and real MR images
are segmented by our model. Experimental results indicate that our
model can successfully segment images with intensity inhomogeneity
and give satisfactory bias correction images at the same time.
Compared with the LSE model, our model not only has higher accuracy
for segmentation and bias correction, but also is more efficient since
split Bregman method improves the computational efficiency and re-
duces the iterative times. What's more important, the Dice value is also
calculated to quantitatively compare our model with the LSE model,
which more convincingly demonstrates that our model is superior to the
LSE model. In addition, with different initial contours and noises added
into images, experimental results demonstrate that our model is not
sensitive to initial contour and is robust to noises. For color images, our
model also provides accurate and promising segmentation and bias
correction results. As a consequence, our model has a satisfactory
performance for segmenting and correcting gray MR images and color
images with intensity inhomogeneity.
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