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Multiplicative intrinsic component optimization (MICO) proposed by Li et al. has been proven to be effective
in segmenting magnetic resonance (MR) images and estimating the bias field simultaneously. However, it is
actually a pixel-wise clustering model and is therefore sensitive to noise. In this paper, a spatial constraint is
integrated into MICO to improve its performance in dealing with noisy images with preserved abilities of bias
correction and image segmentation. The improved model is therefore called multiplicative intrinsic component
optimization with spatial constraint (MICO_S). Experimental results and comparison with MICO and state-of-
the-art on the BrainWeb image repository show advantages of MICO_S in suppressing noise besides remaining
the ability of bias field estimation and that it is not sensitive to the parameters that are used to control influences
of the newly introduced spatial constraint.
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1. INTRODUCTION
Image segmentation, aiming at separating an image into parts
with homogeneous characteristics, is a fundamental problem in
medical image processing. Nevertheless, segmentation of MR
images is still a challengeable task especially if there are inten-
sity inhomogeneities and noise in the image, which undoubtedly
results in intensity overlaps between desired tissues. Therefore,
numerous studies on proposals of effective MR image segmenta-
tion methods have been devoted in the literature, such as active
contours, graph cuts, atlas-based methods, and machine learning
methods.1–3 Correspondingly, existing MR image segmentation
methods can be divided into two categories which are two-stage
and one-stage ones. The former takes inhomogeneities correc-
tion and noise removal as a preprocessing step before performing
image segmentation. However, the latter integrates bias field esti-
mation and noise suppression into image segmentation models.

In particular, fuzzy c-means (FCM) and its variants are rep-
resentative clustering methods that have been applied to image
segmentation. In Ref. [4], a spatial constraint is introduced into
traditional FCM to produce a piecewise-homogeneous solution.
In Ref. [5], a mean- or median-filtered image is computed in
advance to further simplify the model and therefore improve
its time performance. To avoid complexity increase due to the
introduction of additional terms to traditional FCM, an improved
FCM method was proposed in Ref. [6] where bias correction
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is impliedly embedded and cluster centroids are biased with
smooth varying values, smoothness of which is ensured by the
convolution operation. Besides, a non-local filtering operation is
applied as a preprocessing step to remove noise from the image.
Different from the introduction of neighbourhood correlation as
in Refs. [4, 5] and convolution operations in Ref. [6], a given
set of primary functions are used to estimate the bias field in
Ref. [7] where the observed image is considered as a product
of the bias field and the true homogeneous image. Therefore,
the objective of bias estimation and image segmentation becomes
a multiplicative intrinsic component optimization (MICO) prob-
lem. However, MICO is sensitive to noise as pointed in Ref. [6].
To suppress noise in MR images, various improvements on tradi-
tional FCM are proposed in the literature by introducing spatial
constraints on memberships directly during each iteration and
indirectly by integrating a regularization term on memberships
into the objective function.8–11 But there are few contributions
to integrate both bias estimation and noise suppression to FCM
based image segmentation methods.
In this paper, a spatial constraint term is integrated into the

MICO model to enhance its ability to deal with noisy images.
We organize the rest of this paper as follows. Details of the pro-
posed model are first given in Section 2 where definition of the
improved objective function, minimization of the function, and
implementation of the model are given in turn. We then evaluate
the proposed model on the BrainWeb image repository and com-
pare it with MICO in Section 3. We finally discuss sensibility of
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the proposed model to newly introduced parameters in Section 4
and conclude this paper in Section 5.

2. PROBLEM FORMULATION
Suppose that the definitional domain of a given MR image I
is �. The image intensities are therefore usually considered as
a map from � to R, i.e., I: �→ R. Let J �x� be the true inten-
sity of a given tissue at location x where x ∈ �. The observed
intensity I�x�, corrupted by intensity inhomogeneities and noise,
is represented in the literature by the well known multiplicative
image model as,

I�x�= b�x�J �x�+n�x� (1)

where n is additive zero-mean noise and b denotes the bias
field.1�6�7 Note that as tissues with the same intrinsic physi-
cal properties generally take same intensity for a given medical
imaging device, the true image J is therefore generally assumed
to be piecewise in the literature. Suppose there are N tissues
located in disjoint regions �1, �2,…, and �N , we denote the
intensity of the i-th tissue by a constant ci. The problem of seg-
mentation of the true image J is therefore considered as find-
ing the constant intensities. To segment the observed image I
accurately, segmentation methods should estimate the bias b and
suppress the noise n in finding the constant intensities.

2.1. Multiplicative Intrinsic Component
Optimization with Spatial Constraint

For fuzzy c-means methods used to segment MR images, the tis-
sue constants �ci�

N
i=1 are seen as cluster centroids and each pixel

x of the image is assigned to N membership values, denoted by
�ui�x��

N
i=1 each of which indicates the belong strength of this

pixel x to the i-th cluster centroid. Generally, ui�x� take positive
real values that are less than or equal to 1 and

∑N
i=1 ui�x� = 1.

Therefore, the true image intensity at location x can be repre-
sented by J �x�=∑N

i=1 ciui�x� which is the same as in Ref. [12].
To segment MR images with intensity inhomogeneities and noise
accurately, we define and minimize the following the objective
function

Fmico_s = Fmico+R (2)

where the first term on the right side is in fact the MICO model
proposed in Ref. [7] and the second term is a regularization on
memberships to suppress negative effects resulted by the noise.11

If locations with intensities closing to the centroid are assigned
high membership values and vice versa, the above defined energy
takes its minimum.

In MICO, a set of primary functions are adopted to estimate
the smooth bias field b by a linear combination. The primary
functions are represented by g1, g2,…, and gM and the weighting
values are w1, w2,…, and wM . Therefore, the bias field b�x�
is estimated by wTG�x� where (·�T is the transpose operator,
G�x�= �g1�x�, g2�x�� � � � � gM�x��T and w= �w1, w2,…,wM�

T are
twoM-dimensional column vectors. In Ref. [7], the MICO model
is defined in the objective function represented by

Fmico =
∫
�

N∑
i=1

	i�I�x�−wT G�x�ci�
2u

q
i �x� (3)

where q is used to control fuzziness of the final results and
	i is a positive constant to indicate preference of MICO to the

i-th class. Note that q is a real number that is greater than or
equal to 1.

The second term R on the right side of Eq. (2) is actually the
same penalty term proposed in Ref. [11] except the introduction
of class preference coefficients 	i, defined by

R= 


NR

∫
�

N∑
i=1

	iu
q
i �x�

∑
y∈Nx

�1−ui�y��
qdx (4)

where Nx indicates the set of neighbours around x, NR is the
cardinality of Nx, and 
 controls the effect of the penalty term.
It is obvious that the penalty term exploits spatial neighbour-
hood information to regular and bias the memberships toward
piecewise-homogeneous ones.

2.2. Minimization of the Objective Function
When intensities of the same tissues are classified into the same
clusters and the bias field is accurately estimated, the objective
function defined in Eq. (2) gets its minimum. Correspondingly,
the problem of image segmentation with the ability of bias cor-
rection can be achieved by minimizing FMICO_S, which is obvi-
ously a function of the cluster centroids c = �c1, c2� � � � � cN �

T ,
the memberships u = �u1, u2� � � � � uN �

T , and the weighting col-
umn vector w. The minimization of the objective function defined
in Eq. (2) can be achieved by alternately minimizing FMICO_S
�c�u�w� with respect to each of its variables with the other two
fixed which is described below.

Keep u and w fixed, we minimize FMICO_S �c�u�w� with
respect to c by solving the equation �Fmico_s/�c= 0 where 0 is a
N -dimensional column vector with constant value 0 and obtain
the optimal c̃= �c̃1� c̃2� � � � � c̃N �

T , given by

c̃i =
∫
�
I�x��wT G�x��uq

i �x�dx∫
�
�wT G�x��2uq

i �x�dx
� i = 1�2� � � � �N (5)

which is actually similar to Eq. (10) given in Ref. [7].
As mentioned earlier in Eq. (3), q is not less than 1. We con-

sider two cases to minimize FMICO_S �c�u�w� with respect
to u, i.e., q = 1 and q > 1. For the later case, i.e., q is greater
than 1, minimization of FMICO_S �c�u�w� with respect to u is
implemented by resolving the Lagrangian equation defined by

L =
∫
�

N∑
i=1

	i�I�x�−wT G�x�ci�
2u

q
i �x�

+ 


NR

∫
�

N∑
i=1

	iu
q
i �x�

∑
y∈Nx

�1−ui�y��
qdx+	

( N∑
i=1

ui�x�−1
)

(6)

where 	 and
∑C

i=1 ui�x� = 1 are the Lagrangian multiplier and
the extremum condition, respectively. Keep c and w fixed, the
equation defined in (6) is first taken partial derivative with respect
to ui�x�. The result is then set to 0. We resolve the equation with
the constraint that

∑C
i=1 ui�x� = 1 and obtain the optimal ũi�x�,

given by

ũi�x�

= �	i�I�x�−wTG�x�ci�
2+	i�
/NR�

∑
y∈Nx

�1−ui�y��
q�1/1−q∑N

j=1�	j�I�x�−wTG�x�cj �2+	j�
/NR�
∑

y∈Nx
�1−uj�y��

q�1/1−q

(7)

where i = 1�2� � � � �N .
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For the case that q = 1, the optimal membership functions
ũ1� ũ2� � � � � and ũN turn to Boolean ones, given by

ũi�x� =
{
1 i = imin_mico_s �x�

0 i �= imin_mico_s �x�
(8)

where

imin_mico_s �x� = argmin
i
�	i�I�x�−wTG�x�ci�

2

+	i




NR

∑
y∈Nx

�1−ui�y��
q� (9)

and i = 1�2� � � � �N .
For fixed c and u, we minimize FMICO_S �c�u�w� with

respect to w by solving the equation �Fmico_s/�w= 0 where 0 is
a M-dimensional column vector with constant value 0 and obtain
the optimal w̃, given by

w= A−1v (10)

where A is a matrix with M ×M elements and v is a column
vector with M elements, given by

A=
∫ ( N∑

i=1

	ic
2
i u

q
i �x�

)
G�x�GT �x�dx (11)

and

v=
∫ (

I�x�
N∑
i=1

	ic
2
i u

q
i �x�

)
G�x�dx (12)

which are the same with Eqs. (11) and (12) given in Ref. [7].

2.3. Implementation
In our numerical implementation, the primary functions used to
estimate the bias field b approximately are a group of Legendre
functions. Let x1 and x2 are directional components of a given
2-dimensional image I defined on where �⊂R2. The orthogonal
primary functions used in this paper are defined by g1�x� = 1,
g2�x�= x1, g3�x�= �3x21 −1�/2, g4�x�= �5x31 −3x1�/2, g5�x�=
x2, g6�x� = x1x2, g7�x� = �3x21 − 1�x2/2, g8�x� = �3x22 − 1�/2,
g9�x� = x1�3x

2
2 − 1�/2, g10�x� = �5x32 − 3x2�/2. It is obvious

that M = 10 in our implementation and the column vector G�x�

Fig. 1. Comparison of MICO_S (upper) with MICO (lower) qualitatively on the 91-th image slice of BrainWeb with 40% linear intensity inhomogeneity and
9% noise. The original images, estimated biases, bias corrected results, segmentation results, and the ground truths are shown from left to right.

can be therefore written as G�x� = �g1�x�, g2�x�� � � � � g10�x��
T .

In our implementation, the iterative procedure used to mini-
mize FMICO_S �c�u�w� defined in Eq. (2) is straightforwardly
expressed as follows.
• Step 1. Load the given I defined on the domain � and initial-
ize w and u.
• Step 2. Update c as c̃ with each element c̃i computed using
Eq. (5).
• Step 3. For each pixel x in the image domain �, update u�x�
as ũ�x� with each element ũi�x� computed using Eq. (7) for the
case q > 1 or Eq. (8) for the case q = 1.
• Step 4. Update w as w̃ computed using Eq. (10).
• Step 5. If the predetermined maximum is exceeded by the
iteration number or the objective function is converged, stop the
iteration and go to the next Step, otherwise, continue the iteration
and go to Step 2.
• Step 6. Estimate the bias field b�x� using wT G�x�
and binary segmentation results from the final membership
functions u.

Note that the convergence criterion used in this paper is
�c�n�−c�n−1��< 0�001 where c�n� is the vector c updated in
Step 2 at the n-th iteration and � � is the Euclidean distance
of . Besides, as pointed in Ref. [7], MICO converges to its
minimum value in less than 10 iterations. The predetermined
maximum number is set to a value that is a little greater than 10,
which is factually 15 in our implementation.

3. EXPERIMENTAL RESULTS
In this section, we evaluate the proposed model MICO_S
on one public image repository. The repository is released
by Cocosco et al. on the website http://BrainWeb.bic.mni
.mcgill.ca/BrainWeb/ which is one simulated MR dataset con-
sisting of 9 image cases in three noise levels and three inten-
sity inhomogeneity levels. As there are white matter (WM), gray
matter (GM), and cerebrospinal fluid (CSF) in the MR images,
we set N = 3 in this experimentation. Unless otherwise specified,
we set q = 2, NR = 9 (3× 3 neighbourhood), and 
 = 1000 in
this paper.
A qualitative comparison of the proposed model MICO_S with

MICO on one slice of the BrainWeb image is given in Figure 1.

3



R ES E A R CH AR T I C L E J. Med. Imaging Health Inf. 8, 1–5, 2018

0.8
FCM
BCFCM
BCEFCM
MICO
MICO_S

FCM
BCFCM
BCEFCM
MICO
MICO_S

FCM
BCFCM
BCEFCM
MICO
MICO_SF

al
se

 P
os

iti
ve

 R
at

io

D
ic

e 
S

im
ila

r 
C

oe
ffi

ci
en

t

0.6

0.4

0.2

0

0.8

F
al

se
 N

eg
at

iv
e 

R
at

io

0.6

0.4

0.2

0 0

0.2

0.4

0.6

0.8

1

Fig. 2. Comparison of MICO_S with MICO quantitatively on BrainWeb images.

The image is the one of the dataset with the most severe noise
and intensity inhomogeneity. It is obvious that the estimated
bias and the corrected result of MICO_S are similar with that
of MICO, but the segmentation result of the BrainWeb image
obtained by MICO_S is much more close to the ground truth,
which proves that MICO_S has the same ability with MICO on
bias field estimation but it is more robust to noise than MICO.

We then evaluate segmentation performance of the proposed
model MICO_S with FCM, BCFCM,13 BCEFCM,6 and MICO
quantitatively on the BrainWeb image repository. The following
metrics are the ones used in this experimentation: false negative
ratio (FNR), false positive ratio (FPR), and dice similarity coef-
ficient (DSC). Let NFP and NFN be the number of pixels that
are, respectively, considered as positive and negative by the seg-
mentation method but the ground truth, FNR and FPR are then
defined by

FNR= NFN

�A� (13)

FPR= NPN

�I �− �A� (14)

respectively, where A is the ground truth and �∗� denotes pixel
size of the region ∗. It is obvious that FPR and FNR both take
values in [0, 1] with smaller ones indicating a better match
between the segmentation result and the ground truth A. For
image segmentation task, DSC is defined as twice of the quotient
between intersection size and the sum of element sizes of a given
segmentation result and the ground truth, i.e.,

DSC= 2�A∩B�
�A�+ �B� (15)

where A is the ground truth, B is the segmentation result, and ∩ is
the intersection operator. Note that a better match of B to A takes
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Fig. 3. Sensibility of MICO_S to parameters NR (left) and � (right).

a higher value in the range of [0, 1] and vice versa. We compare
the proposed model MICO_S with MICO quantitatively on the
BrainWeb images in terms of FPR, FNR, and DSC is given in
Figure 2. It can be seen that boxes of MICO S results are much
more compact than results of FCM, BCFCM, BCEFCM, and
MICO and medium values of MICO_S results are higher than
FCM, BCFCM, BCEFCM, and MICO in terms of DSC and lower
in terms of FPR and FNR. That is to say, segmentation results of
the proposed model MICO_S are statistically better than that of
FCM, BCFCM, BCEFCM, and MICO on the BrainWeb image
repository.

4. DISCUSSION
In this section, we discuss sensibility of the proposed model
MICO_S to the newly introduced parameters due to the spatial
constraint term R in Eq. (2) and its time performance. We first
keep the parameter 
= 1000 and set NR to 9, 16, and 25 (3×3,
4× 4, and 5× 5 neighbourhoods, respectively) to segment the
BrainWeb images, then compare segmentation results in terms
of DSC, and finally box-plot comparison results in the left of
Figure 3. It is obvious that changes of neighbourhood control
coefficient have little influence on segmentation performance of
MICO_S. Correspondingly, to evaluate sensibility of MICO_S
to the parameter 
, we keep NR = 9 and set 
 to 900, 1000,
and 1100 to segment the BrainWeb images. Segmentation accu-
racies are box-plotted in the right of Figure 3 in terms of DSC.
Obviously, value range of the parameter 
 is wide. In a word, a
spatial constraint term is introduced to the multiplicative intrinsic
component optimization model to improve its ability to deal with
noisy images and the proposed model MICO_S is not so much
sensitive to NR and 
.

For each BrainWeb slice, the image resolution is 217×181. To
compare time performance of the proposed model MICO_S with
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MICO, we run both of the codes written in Matlab R2016a on a
computer with i7-6700 3.4 GHz CPU, 24 GB RAM, and 64-bit
Windows 7. The predetermined maximum iteration number is
set to be 15 for both of the models and is considered as the
only convergence criterion. Run times of the models for all the
9 cases are taken into account and the mean values are 0.62 and
2.2 seconds for MICO and MICO_S, respectively.

5. CONCLUSION AND FUTURE WORK
The proposed model is effective in segmenting MR images, cor-
recting the intensity inhomogeneities, and suppressing noises
existing in the image. The metrics adopted in this paper are the
most popular ones in the field of evaluating performance of image
segmentation methods. But the following two situations may pro-
duce the same metric values where the segmentation is almost
exact in all the desired contours (good segmentation) or the seg-
mentation is correct in many areas, but obvious differences from
what was expected in specific areas (bad segmentation). In fact,
distance metrics are also helpful for evaluating performance of
segmentation methods quantitatively.14 Therefore, in our future
work, average perpendicular distance will be adopted in evalu-
ation of the proposed model where Euclidian distances of point
pairs from the segmentation boundaries and the ground truth are
computed and gathered statistically.
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