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a b s t r a c t

Image segmentation is fundamental and particularly important for computer vision and pattern recog-

nition. However, it is still not a completely resolved problem due to the presence of intensity overlaps

caused by intensity inhomogeneities and noises. While most of present methods are proposed to seg-

ment single spectral images with bias correction and denoising being handled separately, we propose

a fuzzy c-means based method to segment multiple spectral images in this paper where bias correc-

tion and noise suppression are both included. Smoothness of the estimated bias is ensured by bilateral

filtering and noises are suppressed by a spatial constraint on memberships. The proposed method is

named as bias correction embedded fuzzy c-means with spatial constraint (BCEFCM_S). Experimental re-

sults demonstrate advantages of the proposed method on selected images qualitatively and one public

image repository quantitatively compared with eight representative methods and two of its slim variants

in terms of Jaccard similar coefficient and Fβ score. Parameter sensitivity, robustness to noises, relation-

ship with typical models, and time complexity of the proposed method are finally discussed.

© 2019 Elsevier B.V. All rights reserved.
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. Introduction

Image segmentation is a problem of fundamental importance in

omputer vision and pattern recognition [1–3]. It aims at separat-

ng an image into parts with homogeneous characteristic in terms

f colour, texture, or structure. As well known, widespread atten-

ions have been highly attracted and many efforts have been de-

oted to proposing effective segmentation methods in the litera-

ure, such as active contour and level set methods [4], atlas-based

ethods [5], machine learning methods [6–9], and so on [10–13].

n particular, as one of the well known clustering methods, fuzzy

-means (FCM) has been widely studied and its numerous varia-

ions have been proposed in the literature [14–20]. But it is still

challenging task to segment images with intensity overlaps be-

ween desired objects due to the presence of noises and intensity

nhomogeneities [19,21,22]. For gray images or medical images ac-

uired by a given imaging modality, as shown in Fig. 1, the inten-
� We would like to devote this paper to Chaolu Feng’s daughter as a gift to cele-

rate she was born one hundred days ago.
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ity bias and noise are both absolutely scalar values [4,23]. Corre-

pondingly, for colour images usually taken by a given camera, e.g.,

n example is shown in Fig. 2, the intensity inhomogeneities are

enerally caused by sun shining (or other white light, e.g. from the

ash lamp) and are therefore also scalar biases (or vectorial biases

ith equal elements) but noises are usually not scalar any more

ith one noise element corresponding to one colour channel [24].

owever, for multi-modality images acquired by different imag-

ng equipments, bias and noise values generally constitute vectorial

omponents [25–27], an example of which is given in Fig. 3.

In the literature, true intensities and the bias are generally seen

s multiplicative components of the image intensities, whereas

he noises are considered to be additive and the mean value is

ero [28,29]. On one hand, various contributions are introduced

nto FCM based methods to deal with intensity inhomogeneities

or image segmentation tasks [19,20,23,30–32]. On the other hand,

o segment noisy images precisely using FCM based methods, re-

earchers in the literature either amend memberships directly as

oon as they are updated in each iteration or indirectly amend

he memberships by constraining their updates with various reg-

larizations being introduced into the objective function [33–37],

hich is actually different from conventional methods where fil-

ering is generally considered as a preprocessing step before image
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Fig. 1. Intensity overlaps existing in a medical scalar image.

Fig. 2. Intensity overlaps between interested objects and the backgournd for a natural colour image from BSD dataset due to the existing of sun shine. The orignal image and

its red, green, and blue components are given in the first row. Histograms of the components are given in the second row from left to right, respecitvely. (For interpretation

of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Fig. 3. Intensity overlaps between brain tissues and a brain lesion in MR DWI, FLAIR, T1, and T2 images from the ISLES challenge. The orignal images and corresponding

histograms are given in the first and second rows, respectively.

r

segmentation tasks [19]. However, as far as we know, rare con-

tributions in the literature include both bias estimation and noise

suppression to FCM based segmentation methods. In this paper, we

first rewrite the well known multiplicative image model to an im-

proved form to support multiple channel images and then rede-

fine the objective function of bias correction embedded fuzzy c-

means (BCEFCM) proposed in [19] based on the improved model.

We finally introduce the spatial constraint term first proposed in

[38] to the objective function, which is actually a neighbourhood

regularization on the memberships to weaken negative effects of

noises on segmentation accuracy. In a short, our contributions can

be summarized as follows.

• We extend the well known gray image model, which is used to

represent single spectral images with both scalar intensity in-
homogeneities and noises, to be multiple spectral to represent

multiple modality images with different biases and noises for

each intensity channel of the image.
• The BCEFCM model is improved to segment multiple modality

images with intensities of which being represented by the ex-

tended image model.
• A spatial constraint term is introduced to the improved BCEFCM

model to regularize its solution to be robust to the image noise.
• We convolute the estimated biases obtained by minimizing the

objective function of the proposed method with Bilateral filters

to ensure smoothness of the biases with edges being preserved

as well.

The rest of this paper is organized as follows. We first briefly

eview the conventional fuzzy c-means and some of its typical im-
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rovements on bias correction and noise suppression in Section 2.

e then modify the well known multiplicative image model to

e applicable in dealing with multiple spectral images and de-

cribe details of the proposed method and its implementation in

ection 3. We evaluate the proposed method on some synthetic

nd natural images that are widely used in the literature and

ompare its performance with two of its variants and eight rep-

esentative methods in the literature on public image reposito-

ies in Section 4. We discuss parameter setting of the proposed

ethod, its robustness to different types of noise, and its relation-

hip with two typical methods, and analyse complexity of the pro-

osed method in Section 5. We finally conclude and summarize

his paper in Section 6.

. Related work

In the literature, fuzzy c-means and its variants are gener-

lly proposed to separate scalar images into multi-regions [30,36].

iven a scalar image I defined on a subset (or domain, denoted by

) of the n-dimensional real space Rn where n is dimensionality

f the image, intensities of the image are usually seen as a map

rom � to R, i.e., I: �→ R. Let J(x) be the true intensity at a given

ocation x in the domain �, i.e. x ∈�. The observed intensity I(x),

orrupted by intensity inhomogeneities and noise, is represented

n the literature by the well known multiplicative model as,

(x) = b(x)J(x) + n(x) (1)

here b is viewed as a bias field corresponding to the intensity in-

omogeneities and n is additive zero-mean noise. In the literature,

he true image J is assumed to be piecewise which indicates that

bjects with the same intrinsic physical properties take the same

ntensity. In this paper, we denote the intensity of the ith type of

bject by ci. That is to say, the true image J approximately takes

distinct constant intensities c1, c2, ..., and cC for the desired C

bjects located in disjoint regions �1, �2, ..., and �C, respectively.

he problem of segmentation of the true image J is therefore con-

idered as finding the constant intensities. For the observed image

, segmentation methods should remove the bias b and the noise

from I in finding the constant intensities or reduce at least their

egative effects on segmentation performance.

.1. Conventional fuzzy c-means (FCM)

Let ui(x) be membership degree of the intensity I(x) assigned to

he ith cluster (each cluster corresponds to one desired segmen-

ation object), which indicates the association strength of I(x) to

he ith cluster centroid ci. That is to say, in the ideal case, ui(x)

s a boolean function with ui(x) = 1 if I(x) was classified to the

th cluster and ui(x) = 0 if I(x) was classified to other clusters. In

he general case, ui(x) is set to a non-negative real value that is

ot greater than 1 with a given constraint that
∑C

i=1 ui(x) = 1. Fur-

her, taking into account the foregoing description, the true inten-

ity J(x) of the observed image I at location x can therefore be

epresented by J(x) = ∑C
i=1 ciui(x) [14]. To assign high member-

hip values of a given cluster to locations in the image domain �

here image intensities are close to the centroid, and low mem-

ership values to others, intensities of which are far from the cen-

roid, conventional fuzzy c-means minimizes the following objec-

ive function [39]

f cm =
∫
�

C∑
i=1

(I(x) − ci)
2
uq

i
(x)dx (2)

here q is any real number that is not less than 1 acting as a factor

o control fuzziness of the final segmentation result.
It is obvious that conventional FCM is short of the ability to deal

ith intensity inhomogeneities. Further, it classifies image intensi-

ies independently without taking into account any neighbouring

orrelation and is therefore sensitive to image noise.

.2. Representative improvements of FCM in bias correction

In order to enhance the ability of conventional FCM in deal-

ng with intensity inhomogeneities, its numerous variants are pro-

osed in the literature. Some representative improvements are

riefly summarized in this subsection.

.2.1. Fuzzy c-means with spatial constraint

To supplement the lack of conventional FCM in bias estimation,

n improved method named bias corrected fuzzy c-means (BCFCM)

s proposed in [16], in which a spatial constraint is introduced to

ias the solution toward to piecewise-homogeneous labels by min-

mizing the following objective function

bc f cm =
∫
�

C∑
i=1

(
Iloga

(x) − bloga
(x) − ci

)2
uq

i
(x)dx

+ α

NR

∫
�

C∑
i=1

(∫
y∈Nx

(
Iloga

(y) − bloga
(y) − ci

)2
dy

)
uq

i
(x)dx (3)

here Iloga
(x) = Jloga

(x) + bloga
(x) + nloga

(x) is the logarithmic

ransformation of Eq. (1) with a given base number a, Nx stands

or the set of neighbours around x, and NR is the cardinality of Nx.

hen the objective function defined above takes its minimal value,

he optimal bias estimation, clustering centroids, and memberships

re obtained.

As mentioned in [17], introduction of the spatial constraint

erm given in Eq. (3) leads to time consuming and an mean- or

edian-filtered image is therefore computed in advance to sim-

lify the model and improve its time performance. But the im-

roved model in [17] only focuses on promotion of time perfor-

ance. Insufficiency of robustness to outliers and noise is left as it

s [16].

.2.2. Linear combination of primary functions

A multiplicative intrinsic component optimization (MICO)

odel was proposed in [23], which is different from the introduc-

ion of neighbourhood correlations as in [16] and [17]. In MICO, a

inear combination of a given set of primary functions g1, g2, ...,

nd gM with weighting values w1, w2, ..., and wM are used to es-

imate the bias field b and ensure its smoothness. The objective

unction of MICO is defined by

mico =
∫
�

C∑
i=1

(
I(x) − wT G(x)ci

)2
uq

i
(x)dx (4)

here ( · )T is the transpose operator, G(x) =
(g1(x), g2(x), . . . , gM(x))T and w = (w1, w2, . . . , wM)T are two

-dimensional column vectors. Segmentation images with inten-

ity inhomogeneities is translated into finding the optimal solution

f the above formula.

If the objective function in Eq. (4) is minimized iteratively and

ts minimum is obtained finally, segmentation and bias estimation

re obtained simultaneously. But additional memory is obviously

eeded to store the primary function values and their weighting

atrices. In addition, this model is inevitably sensitive to noise due

o the absence of noise suppression strategies.

.2.3. Convolution with normalized non-negative functions

In order not either to increase the complexity due to intro-

uction of additional terms to the objective function or to oc-

upy more memory because of introducing of primary functions to
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estimate inhomogeneities, the bias correction embedded fuzzy c-

means (BCEFCM) model is proposed in [19], the objective function

of which is defined by

Fbce f cm =
∫
�

C∑
i=1

λi(I(x) − b(x)ci)
2
uq

i
(x)dx (5)

where λ1, λ2, . . . , λC are positive weighting coefficients to balance

cluster sizes.

Note, that smoothness of the bias filed is ensured by convolv-

ing itself with a normalized non-negative kernel which is fixed and

predefined as soon as it is updated in each iteration, which is no

more memory storage needed for bias estimation and is essentially

different with MICO. However, BCEFCM is also not robust to image

noises.

2.3. Representative improvements of FCM in noise suppression

All the above mentioned variants of FCM aim at handling in-

tensity inhomogeneities existing in the image. Correspondingly, to

append the ability of noise suppression to conventional FCM, vari-

ous spatial constraints are proposed in the literature [18,31,38,40].

The existing improvements can be generally classified into amend-

ing membership directly during the iteration process and restrict-

ing membership functions indirectly by introducing regularizations

into the objective function. We briefly summarize some represen-

tative ones of these improvements in this subsection.

2.3.1. Membership amendment

Generally, in a local small neighbourhood, image intensities are

definitely close to each other. Therefore, the probability of neigh-

bours belonging to one same cluster is great. That is to say, if

majority of a given neighbourhood belong to a same cluster, the
Fig. 4. Framework of the proposed method. Note that intensity
ntensity at the centre location of the neighbourhood should be

lassified to that cluster with great probability. Therefore, spa-

ial relationship is important to image segmentation tasks and a

patial function is defined by hi(x) = ∑
y∈Nx

ui(y) in [18] where

= 1, 2, . . . ,C and the entire improved model is named as sFCM.

y incorporating this spatial function, membership functions are

mended by

ˆi(x) = ho
i
(x)up

i
(x)∑C

k=1 ho
k
(x)up

k
(x)

(6)

s soon as they are updated in each iteration where o and p are

arameters to control the relative importance of hi and ui.

Unlike sFCM, a conditioning variable is first defined in [31] by

fi(x) = ∑
y∈Nx

ui(y)/NR to represent the involvement level of the

entre location x of a given neighbourhood into the ith cluster with

R being cardinality of the neighbourhood. Then, local membership

alues of the conditional spatial fuzzy c-means (csFCM) are defined

y

i(x) = fi(x)ui(x) (7)

here i = 1, 2, . . . ,C. Taking the global membership values ui(x)

nto account, the final membership functions are defined by

i(x) = μo
i
(x)up

i
(x)∑C

k=1 μo
k
(x)up

k
(x)

(8)

hich incorporates both local and global membership values and

s actually an amendment of conventional FCM on membership up-

ate.

.3.2. Membership regularization

Unlike direct modifications of membership functions as men-

ioned above, some representative improvements add regular con-

traints to memberships. For example, a smooth constraint term is
dimensionality of the image given in this figure is three.
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roposed to regularize the membership functions and is appended

nto the objective functions of the conventional FCM in [40], which

s intrinsically different from amending membership values as soon

s they are updated during the iterative minimization process of

he corresponding objective function. The modified model, namely

embership function restricted fuzzy C-means (RFCM), is defined

y the following objective function

r f cm = F f cm + β

2

∫
�

C∑
i=1

uq
i
(x)

∑
y∈Nx

C∑
j=1, j �=i

uq
j
(y)dx (9)

here β controls the trade-off between the conventional FCM ob-

ective function F f cm and the smooth constraint on membership

unctions given in the second term on the right side.

In order to classify image intensities that are more complicated,

hich are non-linearly separable, a kernel-induced distance is first

ntroduced in [38] to replace the well known Euclidean distance in

CM based methods. A penalty term containing spatial neighbour-

ood information is then introduced into the model to regularize

nd bias the memberships toward piecewise-homogeneous ones.

he penalty term is defined by

= α

NR

∫
�

C∑
i=1

uq
i
(x)

∑
y∈Nx

(1 − ui(y))qdx (10)

here α is a control parameter that is set to a positive real number

o determine the effect of this penalty term in the entire model.

ote that the modified model is known as spatially constrained

ernelized fuzzy C-means (SKFCM) in the literature [38].
Fig. 5. Results of the propose method BCEFC
. Methodology

All methods mentioned in Section 2 are obviously proposed to

egment scalar images. If the images consist of multiple spectral

ntensities, a conversion strategy has to be taken to map vectorial

ntensities to scalar ones, which inevitably induces loss of useful

nformation. Besides, none of the above mentioned methods takes

ias estimation and noise suppression into the energy formulation

ccount simultaneously. Therefore, in this paper, we include orig-

nal intensities of different image spectrum into one formulation

ith fuzzy classification capabilities and introduce a spatial con-

traint on the memberships to ensure neighbouring pixels are set

o similar classification values. At a glance, we give framework of

he proposed method in Fig. 4 details of which will be described

n followings subsections.

.1. The image model and problem description

As the first contribution of this paper which is shown in Fig. 4,

e extend traditional gray image model to be multiple spectral.

iven a vectorial image I defined on the domain �, its intensi-

ies can be seen as a map from � to Rm, i.e., I: �→ Rm, where m

s intensity dimensionality of the image, e.g., m = 3 for colourful

mages. Let J(x) be the true intensity (a m-dimensional vector) at

given location x in the domain �, i.e. x ∈�. The corresponding

ectorial intensity I(x) at the same location of the observed image

, corrupted both by noise and intensity inhomogeneities in each

imension, can be viewed as

(x) = b(x) ◦ J(x) + n(x) (11)
M_S1 on representative scalar images.
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Fig. 6. Results of the propose method BCEFCM_S2 on colour images from the BSD dataset.
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where ◦ denotes Hadamard (element-wise) product, n(x) =
(n1(x), n2(x), . . . , nm(x)) is an m-dimensional vector with ni gen-

erally being considered as additive zero-mean noise in the ith in-

tensity channel, and b is an m-dimensional bias corresponding to

intensity inhomogeneities of the true image J. Note that for colour

images corrupted by white light biases, dimensionality of b re-

duces to 1 and the operator ◦ reduces to conventionally multi-

ply J(x) by the scalar bias. For medical images of the same pa-

tient acquired by multiple imaging modalities on the same organ,

m is the number of imaging modalities and each scalar element

of the bias vector b is equivalent to intensity inhomogeneities of

one corresponding image modality. Similarly to the scalar case as

described in Section 2, the true image J is assumed to be piece-

wise which indicates that objects with the same intrinsic physical

properties take the same intensities organized in a vectorial form.

We denote the vectorial intensities of the ith object by ci. That

is to say, the true image J approximately takes C m-dimensional

distinct constant vectors c1, c2, ..., and cC in disjoint regions �1,

�2, ..., and �C, respectively, where C is the number of desired

objects to be segmented from the image I. The problem of seg-

mentation of the true image J is therefore considered as finding

the specific values of the constant vectors. For the observed im-

age I, segmentation methods should remove the bias b and n from

I in finding the constant values or reduce at least negative ef-

fects of the intensity inhomogeneities and noises on segmentation

accuracy.
.2. Formulation of the proposed method

To segment images, intensities of which obey the model defined

n Eq. (11), we first rewrite the objective function of BCEFCM given

n Eq. (5) as follows

m
bce f cm =

∫
�

C∑
i=1

λi ‖ I(x) − b(x) ◦ ci ‖2
2 uq

i
(x)dx (12)

here the operator ‖ · ‖2
2

denotes the squared L2-norm. Note that

he above model is indeed an extension of BCEFCM on the multiple

pectral image model defined in Eq. (11). We then combine bias

orrection embedded fuzzy c-means with neighbourhood based

enalty on memberships so that images with both intensity inho-

ogeneities and noises are able to be segmented by the proposed

ethod with the intensity biases being corrected and the noises

eing suppressed simultaneously. We name the proposed method

s bias correction embedded fuzzy c-means with spatial constraint

BCEFCM_S), the objective function of which is defined by

bce f cm_s = Fm
bce f cm + Rm (13)

here Fm
bce f cm

denotes the same as in Eq. (12) and the second term

n the right side is defined by

m = α

NR

∫
�

C∑
i=1

λiu
q
i
(x)

∑
y∈Nx

(1 − ui(y))qdx. (14)
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Fig. 7. Results of the propose method BCEFCM_S3 on BrainWeb T1, T2, and PD images.
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m
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b

t

t is obvious that Rm is an improvement of R given in Eq. (10) by

ntroducing the same balancing control coefficients as Eqs. (5) and

12). Substituting Eqs. (12) and (14) into the above defined objec-

ive function in Eq. (13), we obtain

bce f cm_s =
∫
�

C∑
i=1

λi ‖ I(x) − b(x) ◦ ci ‖2
2 uq

i
(x)dx

+ α

NR

∫
�

C∑
i=1

λiu
q
i
(x)

∑
y∈Nx

(1 − ui(y))qdx (15)

here symbols in this equation denote exactly the same as they

ppear earlier in this paper.
.3. Minimization of the objective function

When intensities of the same objects are classified into the

ame clusters, intensity inhomogeneities are accurately estimated,

nd noises existing in the image are effectively suppressed,

he function defined in Eq. (15) gets its minimum. Correspond-

ngly, segmentation of images with inhomogeneities and noises

an be achieved by minimize Fbce f cm_s iteratively. It is obvi-

us that the objective function Fbce f cm_s is a function of the

× |�|-dimensional bias field b, the C × m-dimensional cluster

entroids c = (c1, c2, . . . , cC )T , and the C × |�|-dimensional mem-

erships u = (u1, u2, . . . , uC )T where | · | is the cardinality operator.

Keep b and u fixed, we minimize Fbce f cm_s(b, c, u) with respect

o c by solving the equation
∂Fbce f cm_s = 0c×m where 0c × m is a
∂c
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Fig. 8. Results of the propose method BCEFCM_S3 on ISLES MR DWI, FLAIR, T1, and T2 images.

b

b

F

m

b

w

C × m-dimensional matrix with constant value 0 and obtain the op-

timal c̃ = (c̃1, c̃2, . . . , c̃C )T , given by

c̃i =
(∫

�
(I(x) ◦ b(x))uq

i
(x)dx

)
�

(∫
�

b2(x)uq
i
(x)dx

)
(16)

where � denotes Hadamard (element-wise) division and i =
1, 2, . . . ,C. Note that for the case that images are corrupted by

white light biases where dimensionality of b reduces to 1, the

Hadamard product and division operators reduce to the general

multiplication and division, respectively.

For fixed c and u, we minimize Fbce f cm_s(b, c, u) with respect to

b by solving the equation
∂Fbce f cm_s

∂b
= 0 where 0m × |�| is a m × |�|-

dimensional matrix with constant value 0 and obtain the optimal
˜, given by

˜(x) =
(

C∑
i=1

λi(I(x) ◦ ci)uq
i
(x)

)
�

(
C∑

i=1

λic
2
i uq

i
(x)

)
. (17)

or the case that b is a scalar bias, briefly denoted by b, the opti-

al b̃ is given by

˜(x) =
∑C

i=1 λi ‖ I(x) ◦ ci ‖1 uq
i
(x)∑C

i=1 λi ‖ ci ‖2
2

uq
i
(x)

. (18)

here the operator ‖ · ‖ denotes the L1-norm.
1
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If q = 1, the optimal membership functions ũ1, ũ2,..., and ũC

urns to the ideal case as mentioned in Section 2.1, given by

˜i(x) =
{

1, i = imin_bce f cm_s(x)
0, i �= imin_bce f cm_s(x)

(19)

here

min_bce f cm_s(x) = argmin
i

(
λi ‖ I(x) − b(x) ◦ ci ‖2

2

)
(20)

nd i = 1, 2, . . . ,C.

For the case that q is greater than 1, minimization of

bce f cm_s(b, c, u) with respect to u can be implemented by resolv-

ng the following Lagrangian equation

=
∫
�

C∑
i=1

λi ‖ I(x) − b(x) ◦ ci ‖2
2 uq

i
(x)dx (21)

+ α

NR

∫
�

C∑
i=1

λiu
q
i
(x)

∑
y∈Nx

(1 − ui(y))qdx + γ

(
C∑

i=1

ui(x) − 1

)

here γ is the Lagrangian multiplier and
∑C

i=1 ui(x) = 1 is the ex-

remal condition. For fixed c and b, we first take partial deriva-

ive of the above equation with respect ui(x), then set the re-

ult to 0, thirdly resolve the equations with the constraint that
C
i=1 ui(x) = 1, and finally obtain the optimal ũi(x), given by

˜i(x) =
(
λi‖ I(x) − b(x) ◦ ci ‖2

2 + α
NR

λi

∑
y∈Nx

(1 − ui(y))q
) 1

1−q

∑C
j=1

(
λ j ‖ I(x) − b(x) ◦ c j ‖2

2
+ α

NR
λ j

∑
y∈Nx

(1 − uj(y))q
) 1

1−q

.

(22)

ote that for the scalar case of b, the operator ◦ reduces to general

ultiplication and b reduces to b at the same time.

.4. Smooth estimated bias with bilateral filters

To ensure the smoothly varying property of the bias filed, b is

onvoluted in [19] as soon as it is updated during the iteration

ith an averaging kernel defined by

c
ρ (z; x) =

{
a, ‖ z − x ‖2≤ ρ
0, ‖ z − x ‖2> ρ

(23)

here ‖ · ‖2 is the L2-norm, ρ denotes cover scope of the convolu-

ion kernel, a is a normalization factor such that
∫
‖z‖2≤ρ Kc

ρ (z) = 1.

n this paper, we convolute each channel of b with a same kernel

s soon as they are updated in each iteration. As well known in the

iterature, average filtering introduces false artifacts into the image

specially on locations around object boundaries due to aliasing

istortion. In actual fact, the choice of K is flexible as long as it

s a non-negative function defined on the image domain � which

atisfies that 1) it is even, 2) it is monotone descending on the

omain [0, +∞), and 3) integral of K is 1. In addition to the above

efined location closeness dependent function, we introduce an in-

ensity similarity dependent function in this paper, defined by

s
ρ (z; x) = exp

(
−‖ b(z) − b(x) ‖2

2

2σ 2

)
(24)

here ‖ z − x ‖2< ρ and σ is an intensity domain control parame-

er. We finally mix the location closeness dependence Kc
ρ (z; x) and

he intensity similarity dependence Ks
ρ (z; x) together and define

he following normalized bilateral filtering kernel

ρ (z; x) = 1∫
‖z−x‖2≤ρ Kc

ρ (z; x)Ks
ρ (z; x)dz

Kc
ρ (z; x)Ks

ρ (z; x). (25)

ote that the above kernel is simplified to Kc
ρ (z; x) if σ is set to a

ositive infinite value and the kernel will reduce to Ks
ρ (z; x) if we

et σ to a infinitesimal positive number.
.5. Implementation

To ensure smoothness of the bias filed b or its scalar case b,

e convolute it with the kernel defined in Eq. (25) in the imple-

entation as soon as it is updated using Eq. (17) during the itera-

ion process. The implementation of the proposed method can be

traightforwardly expressed as given in Algorithm 1.

lgorithm 1 Bias correction embedded fuzzy C-means with spa-

ial constraint (BCEFCM_S).

equire: A given image I (corrupted by scalar or vectorial bias and

zero-mean noises) and the number of interested objects C.

nsure: Segmentation results determined by membership function

ui(x) where i = 1, 2, . . .,C, the bias estimation b for vectorial

case and b for scalar case, and intensity inhomogeneity cor-

rected result of the image I.

1: Initialize cluster centroids c and the bias field b or b with ran-

dom values.

2: Update memberships ui(x) as ũi(x) computed by Eq. (19) or

Eq. (22) if q = 1 or q > 1, respectively.

3: Update c as c̃ with its elements c̃i computed by Eq. (16).

4: Update b(x) as b̃(x) computed by Eq. (17) for the vectorial case

or b(x) as b̃(x) by Eq. (18) for the scalar case.

5: Smooth the estimated bias field b or its scalar version by con-

voluting it with the kernel defined in Eq. (25).

6: Check convergence criterion and iteration number. If conver-

gence has been reached or the iteration number exceeds a pre-

determined maximum number, stop the iteration, otherwise, go

to Step 2.

. Experimental results

In this section, we evaluate the proposed method BCEFCM_S

ualitatively and quantitatively on representative images and one

ublic image repository in Matlab R2016a on a computer with In-

el(R) Core(TM) i7-6700 3.4 GHz CPU, 16 GB RAM, and Windows 7

4-bit system. As mentioned in Section 1 and shown in Figs. 1–3,

here are three cases that the proposed method has to deal with.

e first demonstrate the effectiveness of the proposed method

n representative images for these cases. For the first case where

he image intensities are scalar and so do the biases, the objec-

ive function defined in Eq. (15) reduces to the one defined by the

ias correction embedded fuzzy c-means in [19] with the spatial

onstraint term staying the same. We name the proposed method

n this case as BCEFCM_S1 in this section. For the second case

here the image is colourful but the bias is introduced by scalar

ntensity inhomogeneities, dimensionality of b reduces to 1 and

he operator ◦ in Eq. (15) reduces to traditional multiplication. We

ame the proposed method in this case as BCEFCM_S2. For the

hird case where the image and bias are both vectorial ones, the

roposed method maintains its form in Eq. (15) and is named as

CEFCM_S3 in our experimentations. We then apply the proposed

ethod to Brainweb images and compare segmentation accuracy

f the variations with eight representative methods on the image

epository quantitatively. Unless otherwise specifically stated, we

et q = 2, ρ = 10, NR = 9 (3 × 3 neighbourhoods), α = 300, λ1 =
2 = . . . = λC = 1, and C = 2. We have to say that 1) the value of

arameter C is fixed during the iteration, but its setting depends

n the segmentation task. For the ideal case, its value can be es-

imated by the peak number in histogram of the image. 2) The

roposed method degrades into the hard case from its fuzzy case,

f the fuzzy factor q is set to 1, which is mathematically defined

n Eq. (19). In the literation q is generally set to 2, even though

ther natural or fractional orders are also been tried. Note that it
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Fig. 9. Comparison of the proposed method with state-of-the-art methods on the original BrainWeb images.
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is still an open problem in the literature for selecting and setting

parameter values for FCM based methods. Interested readers are

referred to [41–43] for detail. We will discuss setting principles for

the other parameters in Section 5.

4.1. Effectiveness of the proposed method

In this subsection, we evaluate and demonstrate effectiveness of

the proposed method on segmenting inhomogeneous images and

estimating the intensity biases with noise being suppressed at the

same time and give the results in Fig. 5–8. We will analyse the

results in turn in next paragraphs.

For the case as mentioned earlier where the image and bias are

both scalar values, we applied the first variation of the proposed

method, i.e. BCEFCM_S1, to five distinctive images and show the
esults in Fig. 5. The first image is a synthetic image which con-

ists of a T-shaped object with severe intensity inhomogeneity in

he left side and a black shadow at apex of the T-shape and is

idely used to validate image segmentation methods especially in

stimating the biases. The second image is a real image which con-

ists of ten coins, intensities of which are inhomogeneous because

f the lighting and post-added Gaussian noise. The rest images in

his experimentation are all medical images but come from differ-

nt imaging modalities where the third one is a real X-ray image

f human vessel, the fourth image is a short-axial cardiac MR im-

ge, and the fifth image is a real MR image of human brain. Note

hat we set C = 3 for the fourth and fifth images in this experi-

entation due to the anatomical features, i.e., the cardiac cavity,

he heart muscle, and others for the fourth image and the white

atter (WM), the gray matter (GM), the cerebrospinal fluid (CSF),
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Fig. 10. Non-linear biases added to the BrainWeb T1 (upper), T2 (middle), and PD (lower) images as multiplitive factors and the final images (bottom) taking T1, T2, and PD

spectrum as red, green, and blue channels. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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nd the background with zero intensity for the fifth image. From

he true images given in the third column of Fig. 5 which are ob-

ained by multiplying clustering centroids with the corresponding

emberships, it is easily seen that the true images generated by

he proposed method is much more piecewise than the original

mages shown in the second column. From histograms shown in

he first and sixth columns, it is obviously seen that peaks in the

istograms of the corrected images are closer to the number real-

ty of desired objects and are much more well-separated than the

nes in histograms of the original images. From the estimated bi-

ses and corrected results shown in the fourth and fifth columns,

t is obvious that estimated bias values are great at the positions

hat intensities of given objects are bright and vice-versa and the

orrect results are more homogeneous than the originals.

For the case where the image is colourful but the bias is

calar, we applied the second variation of the proposed method,

.e. BCEFCM_S2, to five representative images from the well known

erkeley Segmentation Dataset (BSD, http://www.eecs.berkeley.

du/Research/Projects/CS/vision/grouping/segbench/) and show the

esults in Fig. 6. The estimated true images, i.e., the piecewise seg-

entation results calculated by ciũi(x), are given in the second

olumn. Note that we set C = 3 for the fourth and fifth images,

hich brings into correspondence with the number of object class.

or the first and third images shown in Fig. 6, it is obvious that

he colours at four corner of the images are darker than others.

rom the estimated biases shown in the third column, it easily be

een that bias values at the corners are also darker than other bias

alues which indicates that colours in the corrected results given

n the fourth column are more homogeneous than the original im-

ges. For the rest images shown in Fig. 6, it is obvious that 1) dis-

ribution of the original image colours are influenced by the sun-

hine, 2) the biases estimated by the proposed method agree with

he facts that values at positions with the sunshine are great and

ice-versa, and 3) the corrected results are therefore more homo-

eneous.

For the third case where the original image is a vectorial ma-

rix and so is the bias, we applied the third variation of the

roposed method, i.e. BCEFCM_S3, to images from two different
ources, namely BrainWeb and ISLES, respectively. The BrainWeb

s a worldwide known image repository which is released on

he website http://brainweb.bic.mni.mcgill.ca/brainweb/selection_

ormal.html. In this experimentation, we downloaded the MR im-

ges of three modalities, i.e., T1, T2, and PD from the website, in-

ensities of which are disturbed by 5% noise calculated relative to

he brightest tissue and 40% RF biases. The ISLES is a worldwide

hallenge dataset for brain lesion detection and location which is

vailable on the website http://www.isles-challenge.org/. Although

he dataset consists of four imaging modalities, we applied BCE-

CM_S3 to all of them, namely, DWI, FLAIR, T1, and T2. Results of

he proposed method on these two kinds of images are given in

igs. 7 and 8, respectively. We consider the T1, T2, and PD images

s the red, green, blue channels for the BrainWeb and show results

f BCEFCM_S3 at the first rows of Fig. 7. Correspondingly, results

or each of the channels are given in the next three rows, respec-

ively. Similarly to the fifth image in Fig. 5, there are WM, GM, and

SF for the images except for the background with zero intensity

alue. Therefore, we set C = 3 for the BrainWeb and ISLES images

n this experimentation. Note that we set the control coefficient

to be a greater value, namely α = 3000 for the BrainWeb im-

ges due to the strong noise which can be seen from the first and

ast columns of Fig. 7. On one hand, it is obvious that the image

oises are suppressed effectively by the proposed method which

s easily seen from the estimated true image obtained by BCE-

CM_S3 shown in the second column of Fig. 7. On the other hand,

he intensity biases are effectively removed and the corrected im-

ges shown in the fourth column are therefore more homogeneous.

imilarly, it can be seen from Fig. 8 that intensities in the cor-

ected results are more homogeneous than that in the original

mages.

.2. Performance on public image repository

In this subsection, we evaluate performance of the proposed

ethod on the BrainWeb image repository and compare it with

ight representative methods and two of its slim variants in terms

f two well known evaluation metrics. The comparison methods
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Fig. 11. Comparison of the proposed method with state-of-the-art methods on the BrainWeb images with nonlinear intensity inhomogeneities in 9 scales for T1, T2, and PD,

respectively.
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are selected based on the following principles: 1) the origin of this

kind of methods, i.e., FCM [39], is selected naturally; 2) some of

them are influential in the literature with a high citation number,

e.g., FLICM [44] and KWFLICM [45]; 3) most of them are fuzzy

c-means based with capabilities of either noise suppression (e.g.,

NCM [46], FLICM [44], KWFLICM [45], WFLICM [45], and, NKWN-

LICM [47]) or bias estimation (e.g, MICO [23], BCEFCM [19], and

the slim variants of the proposed methods, i.e., BCEFCM_S1 and

BCEFCM_S2); 4) some of them are latest proposed, i.e., NKWNLICM

[47]. The metrics are Jaccard similar coefficient and Fβ score. On

one side, the former is employed to compare an any given seg-

mentation (denoted by A) with the ground truth (denoted by B)

by ratio of their intersection and union cardinalities with a greater
alue indicating a better match, namely

S = |A ∩ B|
|A ∪ B| (26)

here the single vertical line pair | · | is the cardinality operator. On

he other side, the latter is defined by the ratio of product of pre-

ision (P) and recall (R) and their sum with a preference parameter

, namely

β = (1 + β2)P ∗ R

β2P + R
(27)

here β usually takes non-negative real numbers because the

ower function β2 is even and its absolute value is therefore a
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Fig. 12. Zero-mean Gaussian noises added to the BrainWeb T1 (upper), T2 (middle), and PD (lower) images as an additive term. From left to right the standard deviations

are 10, 15, 20, and 25, respectively.

Fig. 13. The final simulated images with biases in Fig. 10 shown in columns and noises in Fig. 12 in rows.
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Fig. 14. Comparison of the proposed method with state-of-the-art methods on the BrainWeb images with 9 nonlinear intensity inhomogeneities hybrided with zero-mean

Gaussian noises in 4 degrees.
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preference indicator on P and R with 1 as the watershed. Note

that if β = 0, the Fβ score degenerates into P. On the contrary, if

it takes positive infinity, the Fβ score becomes R. If no other speci-

fied, we set β = 1 to remain neutral between P and R. In the liter-

ature, precision is an indicator of correctness of the segmentation

compared to the ground truth, whereas recall is an indicator of

completeness of the ground truth recognized in the segmentation

result. The former is also a ratio, which implies how many propor-

tion of pixels in the segmentation are really positive labelled by

the ground truth. In contrast, the latter indicates how many pro-

portion of positive pixels given in the ground truth are finally con-

sidered as positive ones by the segmentation.

Statistics of segmentation performance for the proposed

method and its derivations compared with the representative
ethods on the original images from the BrainWeb repository in

erms of the above mentioned metrics are given in Fig. 9. Other

han BCEFCM_S2 and BCEFCM_S3, the other methods are all appli-

able for images in signal spectrum. For fair comparison, we run

hem separately on the T1, T2, and PD modalities and the perfor-

ance statistics are all plotted in Fig. 9 from left to right with im-

ge modalities being subscripted at the end of method identifica-

ions given in the legends. For each box plotted in Fig. 9, the cen-

ral mark is corresponding to the median metric value, the lower

nd upper edges are respectively the 25th and 75th percentiles,

he whiskers extend to the most extremums that are considered

o be not outliers, and the individual joint spiders are the outliers.

t is obvious that the proposed BCEFCM_S3 offers the most com-

actest JS and Fβ which indicates that it is the most robustest to
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he BrainWeb image repository even though the intensity distribu-

ion are corrupted by different biases and noises. The median met-

ic values of BCEFCM_S3 on the images are in the second highest

lace behind only the variation of the proposed method on scalar

iases, i.e., BCEFCM_S2, by a whisker. This is because the biases

n the BrainWeb images, which are directly downloaded from the

ebsite, are linear and they, together with the noises, are not so

uch strong and are similar in T1, T2, and PD modalities. That is

o say, the assumption that the biases are scalar for these multiple

pectral images conforms better with the actual situation. To con-

ider more complex scenarios, we added non-linear severe biases

n nine degree combined with four scale of zero-mean Gaussian

oises into the T1, T2, and PD images separately. Performance of

he proposed methods compared with the representative methods

n the simulated images are given and analysed in the next two

ubsections.

.3. Performance on BrainWeb images with non-linear biases

As mentioned earlier, the biases existing in the original Brain-

eb images are weak and linear. To verify robustness of the pro-

osed method and evaluate its performance for more complex

cenes, we simulate nine scale of non-linear biases for each im-

ge spectrum and merge them into original clear images. The bi-

ses take values in the interval of [0.5, 1.0] and the scales are used

o control amplitudes of the biases. The periods and orientations

re random. We give the biases and the final multiple spectral im-

ges in Fig. 10, which are taken into the corresponding images ac-

ount as multiplicative factors. Note that the biases increase by

egrees in Fig. 10 from left to right. But due to randomness of

eriods and orientations, the scale change is not very obvious as

hown in Fig. 10. We evaluate the proposed method, its deriva-

ions, and the selected representative on the more difficult images.

he JS and Fβ metrics are also plotted as boxes given in Fig. 11. It

s obvious that the proposed method is almost the best except for

CEFCMT1 and BCEFCM_S1T1 on WM and GM in terms of JS. But

oxes plotted for metrics of the proposed method BCEFCM_S3 are

he most compactest, which indicates robustness of BCEFCM_S3 to

evere non-linear biases but the other methods are sensitive to the

iases. Besides, the proposed method BCEFCM_S3 is more effec-

ive for images with different biases in each spectrum than im-

ges with scalar biases, which is obvious by comparing results in

igs. 11 and 9 where the evaluation metrics are more dispersed for

he representative methods on the simulated images.
Fig. 15. Demonstration of the impact of parameter NR on segme
.4. Performance on BrainWeb images with severe biases and noises

To evaluate capacity of the proposed method to precisely seg-

ent noisy images by suppressing noises with neighbouring mem-

erships, four scale of zero-mean Gaussian noises are firstly sim-

lated for each image spectrum by standard normal distribution.

he standard deviations are 10, 15, 20, and 25. The noises are given

n Fig. 12. They are separately added to the intensity inhomoge-

eous images with biases given in Fig. 10. Therefore, there are fi-

ally 36 images for each modality as shown in Fig. 13. The eval-

ation results of the proposed method compared with its deriva-

ions and the representative methods are given in Fig. 14. It can

e obviously seen from Fig. 14 that the proposed method BCE-

CM_S3 manifests the highest median JS and Fβ values and the

oxes plotted in Fig. 14 for BCEFCM_S3 is the compactest, which

emonstrates the advantages of the proposed method in handling

evere intensity inhomogeneities and noises to maintain good seg-

entation performance.

. Discussions

In this section, we first discuss impact of coefficients existing

n the proposed method on segmentation performance, further re-

eal the setting strategies, and set them to the best. Secondly, we

valuate performance of the proposed method on two more types

f noises. We then analyse relationship of the proposed method

ith two typical methods. Finally, we analyse complexity of the

roposed method compared with the representative methods.

.1. Impact of weighting coefficients λi

Let ζi(x) =‖ I(x) − b(x) ◦ ci ‖2
2
, ηi(x) = (α/NR)

∑
y∈Nx

(1 −
i(y))q, and θ = 1/(q − 1), then we rewrite Eq. (22) as

˜i(x) = 1∑C
j=1, j �=i

(
λi(ζi(x)+ηi(x))
λ j(ζ j(x)+ηi(x))

)θ

+ 1

. (28)

iven an positive increment on λi, i.e. λi > 0, we substitute λ
′
i
=

i + λi into the above equation and obtain

˜
′
i(x) = 1∑C

j=1, j �=i

(
(λi+λi)(ζi(x)+ηi(x))

λ j(ζ j(x)+ηi(x))

)θ

+ 1

. (29)
ntation performance for the simulated BrianWeb Images.
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Thus, difference between ũ
′
i
(x) and ũi(x) can be written as

ũi(x) = ũ
′
i(x) − ũi(x)

=

∑C
j=1, j �=i

((
λi(ζi(x)+ηi(x))
λ j(ζ j(x)+ηi(x))

)θ

−
(

(λi+λi)(ζi(x)+ηi(x))
λ j(ζ j(x)+ηi(x))

)θ
)

∑C
j=1

(
λi(ζi(x)+ηi(x))
λ j(ζ j(x)+ηi(x))

)θ ∑C
j=1

(
(λi+λi)(ζi(x)+ηi(x))

λ j(ζ j(x)+ηi(x))

)θ
.

(30)

It is obvious that ζ i(x) > 0, ηi(x) > 0, and θ > 0 where i =
1, 2, . . . ,C. Let A = (λi + λi)(ζi(x) + ηi(x))/λ j(ζ j(x) + ηi(x)) and

B = λi(ζi(x) + ηi(x))/λ j(ζ j(x) + ηi(x)). Thus, A > B > 0. It is well

known that power functions with a positive power value are

monotonically increasing in the interval of (0, +∞). Thus, Aθ > Bθ

and therefore for the case q > 1, ũi(x) < 0 if λi > 0. For the case

that q = 1, it can be obviously seen from Eq. (19) that the increase

of λi will decrease the possibility of intensity I(x) being classified

as ith cluster. In a word, ui(x) is a monotonic decreasing function

of λi, which indicates that a greater λi will result in reduction of

the amount of pixels classified as the ith tissue.

5.2. Effect and influence of parameters NR and α

As mentioned earlier, given any x that locates in the image do-

main �, the second term on the right side of Eq. (15) amends

membership values of x to each cluster centroid on account of

memberships of its around elements with a predetermined neigh-

bouring scope denoted by Nx, the cardinality of which is NR. If we

set NR = 0 which indicate there are zero elements in the set of

Nx, the constraint of the proposed method on the memberships

will be no longer active and the membership values will therefore

not be amended during the iteration. That is to say, the proposed

method reduces to a simplified version without the capability of

handling noises. Besides, consider another extreme case, if we set

Nx = � and NR is therefore the set including all pixels in the im-

age domain, the influence of the second term on the right side of

Eq. (15) will be equal for all image pixels. Thus, all the pixels will

be set to similar membership values. Therefore, we take a compro-

mise to set NR = 9 in this paper. To prove the above discussion, we

applied the proposed method BCEFCM_S3 on the BrainWeb images

in 5 different NR values, i.e., NR = 9, NR = 25, NR = 49, NR = 81,

NR = 121, which indicates the neighboring radius takes values from

1 to 5 with the natural step length. Performance of the proposed

method in terms of Fβ scores with these parameters are given in
Fig. 16. Demonstration of the impact of parameter α on segme
ig. 15. Note that segmentation performance of the proposed de-

reased as values of the parameter NR increases, especially for the

M, which verifies the above statement, i.e., NR constrains neigh-

oring pixels taking similarly segmentation results.

From the objective function defined in Eq. (15), it can be seen

hat the membership values are always scalar whether the image

ntensities are signal or multiple channels. That is to say, for the

roposed method and its variants on images with either scalar or

ectorial intensities, the magnitude of the first term in Eq. (15) is

arkedly different. But the magnitude of the second term stays the

ame as long as the parameter α is set to a predetermined value

nd remain unchanged during the iteration. To balance these two

erms and therefore ensure segmentation performance of the pro-

osed method, we set α to be one equal part of m of its pre-set

alue for scalar version of the proposed method in our implemen-

ation. However, it is worth pointing out that the proposed method

s robust to setting of the parameter α. We verified this character

y running the proposed method, i.e., BCEFCM_S3, on the images

ith both simulated severe biases and noises with multiple param-

ter settings, where α takes values in the interval of [400,3000]

ith a step of 200. The Fβ scores of the proposed method on the

mages are plotted in Fig. 16, from which it can be seen that the

roposed method is robust to the parameter α.

.3. Convolution kernel control parameter ρ and σ

Obviously, the kernel defined in Eq. (23) takes same values in

ts definition domain and the total sum of the kernel elements

s standardized to unit 1. The bilateral kernel given in Eq. (25) is

ctually an hybrid of the average kernel in Eq. (23) and the non-

ormalized normal distribution function given in Eq. (24) which

s actually intensity similarity of b at the neighbouring center to

ts around. It is obviously that the greater the parameter ρ is, the

moother the estimated bias field. This has been discussed and re-

ealed in [4]. Generally, a greater ρ will lead to more elements in

he convolution kernel, which inevitably increases time consump-

ion. Therefore, although recursively implementations of convolv-

ng filtering are effective in time reduction [48,49], a compromise

roposal is adopted in this paper where ρ is set to 10. As repre-

ented in Section 3.4, the setting of parameter σ determines shape

f the bilateral filter with extreme value at one end corresponding

o spatial averaging and the extreme value at the other end cor-

esponding to pure intensity similarity filtering. In this paper, an

daptive strategy is exploited where the σ is dynamically set to
ntation performance for the simulated BrianWeb Images.
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Fig. 17. Salt and pepper noises added to the non-linear biases disturbed BrainWeb T1 (upper), T2 (middle), and PD (lower) images with noise density is set to 0.025, 0.050,

0.075, and 0.100 from top to bottom.

Fig. 18. Speckle noises added to the non-linear biases disturbed BrainWeb T1 (upper), T2 (middle), and PD (lower) images with the parameter variance of speckle is set to

0.005, 0.010, 0.015, and 0.020 from top to bottom.
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he standard deviation of the estimated biases during the iteration

ith a ratio of 10.

.4. Robustness to other types of noises

To further demonstrate robustness of the proposed method to

oises, it is of significance that applying BCEFCM_S3 to images

ith different types of noises and then evaluate its performance.

herefore, we add two more types of noises to the BrainWeb im-

ges after the 9 non-linear biases have already been appended to

he true images. The noises are salt and pepper based and speckle

ased. Similar to the Gaussian noises added to the images as men-

ioned in Section 4.4 and shown in Fig. 12, these two types of noise

re both from 4 different scales. While the noise density is set to
.025, 0.050, 0.075, and 0.010 for salt and pepper noises, the pa-

ameter variance of speckle is set to 0.005, 0.010, 0.015, and 0.020.

he simulated images are given in Figs. 17 and 18, respectively. We

ompare performance of the proposed method on the BrainWeb

mages simulated by 3 types of noises in terms of JS and Fβ and

ive the result in Fig. 19. It can be seen that the proposed method

s robust to these types of noises even though its performance is

lightly worse for the salt and pepper noises.

As well known, noise level and density are two main metrics

ndicating how much of the image intensity distribution is cor-

upted by the noise. In Section 4.4, we have evaluated the pro-

osed method on BrainWeb images corrupted by Gaussian zero

ean noises in 4 levels with 10, 15, 20, and 25 as the standard

eviations. In fact, signal to noise ratio (SNR), which is generally



18 C. Feng, W. Li and J. Hu et al. / Signal Processing 168 (2020) 107347

Fig. 19. Performance comparison of the proposed method on the BrainWeb images with 9 nonlinear intensity inhomogeneities hybrided with 4 degrees noises of Gaussian,

salt and pepper, and speckle.

Fig. 20. Gaussian white noises added to the non-linear biases disturbed BrainWeb T1 (upper), T2 (middle), and PD (lower) images with SNR is set to 5, 10, 15, 20, 25, and

30 from top to bottom.
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taken as a specific index to indicate noise densities, of the images

are approximate 25. The SNR slightly varies due to the differences

of bias fields (as shown in Fig. 10) appended to the images. In the

earlier of this section, we have added 4 level of salt and pepper

noises to the BrainWeb images, which are in fact based on differ-

ent density scales. Performance of the proposed method is com-

pared with itself on the images and images with other two types

of noises. However, sensibility of the proposed method on noise

densities is not verified. Therefore, we simulate additional Gaus-

sian white noises in 6 scales to the BrainWeb images. As shown

in Fig. 20, the SNR of the noises take values in the interval [5, 30]
ith 5 as the step. We compare the JS and F score metrics of the

roposed method on the images and give the results in Fig. 21. It

as to be pointed out that performance of the proposed method

ends to be stable when the SNR takes values grater than 15.

.5. Relationship with BCEFCM and FCM

As mentioned at the beginning of this paper, the proposed

ethod is an extension of our previous method namely BCEFCM,

hich is presented as one of our main contributions. This can be

roved if we set α = 0 and the multiple spectral image model de-
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Fig. 21. Performance comparison of the proposed method on the BrainWeb images given in Fig. 20.

Fig. 22. Comparison of time performance of the proposed method on the BrainWeb images with representative methods..
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ned in Eq. (11) simplifies to the traditional well known one given

n Eq. (1). The objective function of the proposed method defined

n Eq. (15) will therefore reduce to the objective function of BCE-

CM given in Eq. (5). If we further set b(x) = 1 for all x in the im-

ge domain � and ensure that it remains unchanged during the

terations, the proposed method will reduce to the conventional

CM given in Eq. (2).

.6. Complexity analysis

The method is proposed to handling images with multiple spec-

ral intensities, therefore it inevitably cost the proposed method

ore time to complete a segmentation. In addition, it can be easily

een from Eq. (15) and the implementation procedure of the pro-

osed method that the convolution operation during the iteration

nd the spatial constraint on memberships are two main sources

or time consumption of the proposed method. To quantitatively

emonstrate time performance of the proposed method with the

epresentative and comparative methods that have been selected

n this paper, we record running times of all the selected method

n processing the BrainWeb images in the resolution of 181 × 217

nd give the results in Fig. 22. It is obvious that it costs the pro-

osed method more time to process the images in multiple spec-

rum simultaneously and correct the intensity inhomogeneities at

he same time. Fortunately, the proposed method reaches its min-

mal energy (i.e., converged) in less than 10 times iteration which
s similar with state-of-the-art. Besides, convolution with a given

ernel can be approximately accelerated to reach a constant-time

omplexity adopting strategies proposed in [50–52].

. Conclusion and future work

To segment multiple spectral images accurately, a bias corrected

mbedded FCM method is proposed where a spatial constraint is

ntroduced to bias memberships according neighbourings to sup-

ress negative effects of noises on segmentation performance. Ex-

erimental results have proven correctness and effectiveness of the

roposed method. Comparisons with the selected representative

ethods have revealed advantages of the proposed method in both

ias correction and noise suppression. In the future, we will fo-

us on trying to propose a fast implementation of the proposed

ethod particularly for the bilateral filtering.

eclaration of Competing Interest

None.

cknowledgements

This work was supported by the National Natural Science Foun-

ation of China under grants 61602101 and U1708261. The authors

ould like to thank the handling editor and anonymous reviewers



20 C. Feng, W. Li and J. Hu et al. / Signal Processing 168 (2020) 107347

R
very much for their constructive suggestions on improving quality

of this paper.

Appendix

Minimization Eq. (15) with respect to cluster centroids

Taking the spectrum number into account, the objective func-

tion defined in Eq. (15) can be rewritten as

Fbce f cm_s =
∫
�

C∑
i=1

λi

(
m∑

j=1

(
I j(x) − bj(x)ci j

)2

)
uq

i
(x)

+ α

NR

∫
�

λi

C∑
i=1

uq
i
(x)

∑
y∈Nx

(1 − ui(y))qdx. (31)

Taking partial derivative of the above equation with respect to cij

on both sides, we obtain

∂Fbce f cm_s

∂ci j

= 2

∫
�

bj(x)
(
I j(x) − bj(x)ci j

)
uq

i
(x)dx. (32)

We set the above equation to zero, resolve the equation, and ob-

tain

ci j =
∫
� bj(x)I j(x)uq

i
(x)dx∫

� b2
j
(x)uq

i
(x)dx

. (33)

Note that taking the scalar constant centroids of all the image

spectrum together and writing them into a vectorial form, we ob-

tain the representation of Eq. (16).

Minimization Eq. 15 with respect to the bias field

We take the partial derivative of the objective function defined

in Eq. (31) with respect to bj(x) on both sides. This is equal to do

the same operations on Eq. (31). We therefore obtain

∂Fbce f cm_s

∂bj(x)
= 2

C∑
i=1

λici j

(
I j(x) − bj(x)ci j

)
uq

i
(x). (34)

We set the above equation to zero, resolve the equation and ob-

tain

bj(x) =
∑C

i=1 λici jI j(x)uq
i
(x)∑C

i=1 λic
2
i j

uq
i
(x)

(35)

which is actually a component-wise expression of Eq. (17).

For the case that b is a scalar bias, we rewrite it as b and

rewrite the equation synchronously defined in Eq. (15) as follows

Fbce f cm_s =
∫
�

C∑
i=1

λi

(
m∑

j=1

(
I j(x) − b(x)ci j

)2

)
uq

i
(x)

+ α

NR

∫
�

C∑
i=1

uq
i
(x)

∑
y∈Nx

(1 − ui(y))qdx. (36)

Similarly, taking the partial derivative of the above equation with

respect to b(x) on both sides, we obtain

∂Fbce f cm_s

b(x)
=

C∑
i=1

λi

(
2

m∑
j=1

(
I j(x) − b(x)ci j

)
ci j

)
uq

i
(x). (37)

Setting the above equation to zero, we resolve the new equation

and obtain

b(x) =
∑C

i=1 λi

(∑m
j=1 I j(x)ci j

)
uq

i
(x)∑C

i=1 λi

(∑m
j=1 c2

i j

)
uq

i
(x)

. (38)

It is worth pointing out that this is a component-wise expression

of Eq. (18).
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