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We propose an automated method for segmentation of brain tissues in longitudinal MR images. In the
proposed method, images acquired at each time point are first separately segmented into white matter,
gray matter, and cerebrospinal fluid by bias correction embedded fuzzy c-means. Intensities differences
are then defined as similarities of each voxel to the cluster centroids. After being normalized in inter-
class, the similarities are incorporated into a non-local means de-noising formula to regularize the seg-
mentation in both spatial and temporal dimensions. Non-locally regularization results are used to com-
pute final membership functions for the segmentation. To improve time performance, we accelerate the
modified de-noising algorithm using CUDA and obtain a 200� performance improvement. Quantitative
comparison with the state-of-the-art methods on BrainWeb dataset demonstrate advantages of the pro-
posed method in terms of segmentation accuracy and the ability to consistently segment brain tissues in
an arbitrary number of longitudinal brain MR image series.

� 2016 Elsevier Inc. All rights reserved.
1. Introduction

Brain atrophy, observed in a variety of neurodegenerative
disorders, such as multiple sclerosis (MS), Alzheimer’s disease
(AD), Huntington’s disease, and Parkinson’s disease, generally
manifests itself as volume changes in brain tissues [1,2]. Due to its
non-invasive nature and excellent soft tissue contrast, magnetic
resonance imaging (MRI) has been widely used by various image
processing technologies, such as segmentation, to reveal changes
of human brain in basic and clinical neuroscience studies [3,4].
Thus, segmentation of magnetic resonance (MR) images of human
brain into anatomically meaningful tissues such as white matter
(WM), gray matter (GM), and cerebrospinal fluid (CSF) is crucial
for measurement of subtle but complex changes of human brain
quantitatively [5,6].

Since it is labor-intensive, time-consuming, and sensitive to
inter- and intra-observer variability, manual segmentation suffers
from lacks of reproducibility and ability of maintaining consistency
for entire dataset of a study [7,6]. Therefore, many efforts have
been devoted to developing automated methods in the literature
for analysis of brain atrophy in MR images [8–17]. But most of
the methods are proposed merely in view of cross-sectional (3D)
images of human brain [8–13]. It is obvious that 3D segmentations
are not able to provide adequate longitudinal stability because
images at each single time point are segmented separately
[18–20]. In contrast, segmentation of a series of 3D image
sequences of the same subject simultaneously has been shown to
be able to increase the accuracy of brain atrophy measurement
[21,3]. That is to say that segmentation of longitudinal brain MR
images (images at multiple time points) consistently is crucial to
the measurement of subtle volume changes of brain tissues
[22,23]. In [24], Smith et al. presented a fully automated method
to analyze changes of human brain longitudinally. They first auto-
matically distinguish brain tissues from non-brain tissues and then
registered the brain MR images while estimated skull images were
used to constrain scaling and skew. They finally estimated brain
surface motion by tracking surface points of the brain in subvoxel
accuracy [25,26]. This method has already been incorporated into a
soft package named SIENA (http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/
SIENA) for analysis of brain change in both single-time-point
(cross-sectionally) and two-time-point (longitudinally). In [12],

http://crossmark.crossref.org/dialog/?doi=10.1016/j.jvcir.2016.03.027&domain=pdf
http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/SIENA
http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/SIENA
http://dx.doi.org/10.1016/j.jvcir.2016.03.027
mailto:fengchaolu@cse.neu.edu.cn
http://dx.doi.org/10.1016/j.jvcir.2016.03.027
http://www.sciencedirect.com/science/journal/10473203
http://www.elsevier.com/locate/jvci


518 C. Feng et al. / J. Vis. Commun. Image R. 38 (2016) 517–529
Zhang et al. proposed a method to segment brain MR images by using
a hidden Markov Random Field (MRF) model and the Expectation–
Maximization (EM) algorithm. Their method has been generalized
and integrated into FMRIB Software Library (FSL) as a tool named
FMRIB’s Automated Segmentation Tool (FAST, http://fsl.fmrib.ox.
ac.uk/fsl/fslwiki/FAST) with the ability of correcting the spatial
intensity inhomogeneities and simultaneously segmenting the
brain image into WM, GM, and CSF. As a brain imaging software
package developed by the Martinos Center, Freesurfer (FSF,
http://freesurfer.net/) includes volumetric segmentation and longi-
tudinal processing functions for brain image analysis [27]. The seg-
mentation method in Freesurfer is based on voxel intensities and
Talairach anatomical atlases where images are automatically pro-
cessed for longitudinal analysis within the longitudinal stream to
extract reliable volume estimations [28]. Xue et al. proposed a tem-
porally consistent and spatially adaptive longitudinal MR brain
image segmentation method named CLASSIC in [29].Their method
incorporates image-adaptive clustering, spatio-temporal smooth-
ness constraints, and image warping to jointly segment a series
of brain MR images of the same subject aiming at obtaining
accurate measurements of rates of change of regional and global
brain volumes from serial MR images and estimating the morpho-
logical changes of the brain, such as atrophy [29]. Although a few
longitudinal segmentation methods have been proposed in the
literature, segmentation of MR brain images longitudinally is still
an open problem and is challenging due to the large size of brain
MR images especially at multiple time points, the limitation of
available a priori knowledge, and the presence of noise and
intensity inhomogeneities (well known as bias field) [30]. Fig. 1
shows an example of intensity overlaps between different brain
tissues caused by noise and intensity inhomogeneity.

As one of the well known clustering methods, fuzzy c-means
(FCM) has been widely studied in the literature for its application
to image segmentation [31]. But traditional FCM and hard c-
means are both sensitive to noise and lacks the ability to deal with
intensity inhomogeneity [32]. To overcome this drawback, Ahmed
et al. proposed a bias corrected fuzzy c-means (BCFCM) method by
taking consideration of the correlation among neighboring pixels
[33]. Chen and Zhang modified BCFCM to improve its time perfor-
mance and robustness to noise and outliers [34]. However, final
clustering results of methods proposed by Ahmed et al. and Chen
and Zhang are both heavily affected by a parameter used to adjust
influence of the neighboring pixels. Therefore, Yang and Tsai pro-
posed a generalized type of BCFCM in [35] where the parameter
is estimated automatically under a learning scheme. However, all
the above mentioned improvements of BCFCM are without pay
any attention to correct the bias field from the image. In this paper,
we propose a fully automated method for segmentation of brain
tissues longitudinally. Besides being able to deal with the intensity
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Fig. 1. Appearance and intensity histograms of a brain imag
inhomogeneities inherently, the proposed method is effective in
segmenting brain tissues in arbitrary number of MR image series.
In the method, a bias correction embedded FCM (BCEFCM) is first
proposed to segment 3D MR image sequences of each time point
separately and estimate the bias field simultaneously. A non-
locally spatio-temporal regularization is then introduced to ensure
segmentation consistency of the proposed method. The regulariza-
tion is defined on similarities of intensities between voxels and
cluster centroids. Specifically, after being normalized in inter-
class, the similarities are incorporated into a non-local means de-
noising formula by summing them together and introducing a time
component integral to regularize longitudinal images non-locally
in both spatial and temporal dimensions. It is obvious that the pro-
posed method is also able to overcome negative influences of noise
as well because of the existing of non-local means de-noising.
Membership functions are finally updated with non-local means
de-noising results, and are further used to decide which class the
voxels should be classified into.

The rest of this paper is organized as follows. The framework
and formulation of the proposedmethod are described in Section 2.
Experimental results, quantitative evaluation, and discussions are
given in Section 3. This paper is finally concluded in Section 5.
2. Method

In this paper, we suppose that the MR images of different time
points have already been rigidly registered in the same coordinate
system and non-brain tissues have already been removed from the
images. For the images used in this paper, maximization of mutual
information and a fast robust automated brain extraction tool, BET,
are used to register each image case and strip non-brain tissues
from the images, respectively [36,37]. Before performing segmen-
tation, longitudinal MR image series denoted by I ¼ ðI1; I2; . . . ; ITÞ,
which include T image sequences, are first rigidly registered to
the first image sequence in the same image domain X with six
degree of freedom. Given a brain MR image It acquired at time
point t 2 ½1; T�, we view it as a function It : X ! R defined on the
continuous image domain X � R2. It has been well known that
the observed image can be described by a product of the true
image intensity Jt and the unknown bias field bt , namely,

ItðxÞ ¼ btðxÞJtðxÞ þ ntðxÞ; ð1Þ

where x 2 X and nt is zero-mean additive noise. The true image Jt
characterizes an intrinsic physical property of brain tissues, which
ideally takes a specific intensity ct;i for the i-th type of tissues and
is therefore assumed to be piecewise constant. That is to say, the
true image Jt approximately takes N distinct constant values
ct;1; ct;2, . . ., and ct;N in disjoint regions Xt;1; Xt;2, . . ., and Xt;N ,
50 100 150 200 250

e corrupted by both noise and intensity inhomogeneity.
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respectively. The bias field b is assumed to be slowly and smoothly
varying as well known in the literature. The problem of image seg-
mentation is therefore considered as finding the specific intensities
c1; c2, . . ., and cN and estimating the bias field b simultaneously.

2.1. Bias correction embedded fuzzy c-means (BCEFCM)

As mentioned above, the true image Jt is assumed to be
piecewise constant and therefore takes a specific intensity ct;i for
the i-th type of brain tissues in the region Xt;i. Thus, if x is most
probably classified as the i-th type of tissues, then the intensity
of the true image Jt at pixel x is close to the constant ct;i, i.e.

JtðxÞ � ct;i for x 2 Xt;i: ð2Þ
Then, in view of the image model in Eq. (1), we have

It;iðxÞ � btðxÞct;i þ ntðxÞ for x 2 Xt;i: ð3Þ
Taking into account that nt is zero-mean additive noise, the

intensities in the set

It;i ¼ fIðxÞ : x 2 Xt;ig; ð4Þ
form a cluster with the cluster centroid mt;i � btðxÞct;i. This
clustering property indicates that the intensities in the image
domain X can be classified into N clusters with centroids
mt;1 � btðxÞct;1; mt;2 � btðxÞct;2, . . ., and mt;N � btðxÞct;N , respectively.
To classify these intensities, we define

Ftðbt;ut; ctÞ ¼
Z
X

XN
i¼1

kItðxÞ � btðxÞct;ik2ut;iðxÞdx; ð5Þ

where ut;i is the membership function of the region
Xt;i; ct ¼ ðct;1; ct;2; . . . ; ct;NÞ; ut ¼ ðut;1;ut;2; . . . ; ut;NÞ, and k � k is one
norm expression of the similarity (Euclidean distance in general)
between measured intensity ItðxÞ and the cluster centroid btðxÞct;i.

In the ideal case, each voxel either belongs to one tissue or not,
such that ut;iðxÞ ¼ 1 for x 2 Xt;i and ut;iðxÞ ¼ 0 for x R Xt;i, which
will introduce a hard segmentation. In reality, one voxel may
contain more than one type of tissues due to the partial volume
effect, especially at the interface between neighboring tissues. In
this case, the N tissues can be represented by fuzzy membership
functions ut;iðxÞ that take values between 0 and 1 and satisfyPN

i¼1ut;iðxÞ ¼ 1. The value of the fuzzy membership function
ut;iðxÞ can be interpreted as the percentage of the i-th tissue within
the voxel x. To achieve fuzzy segmentation, we rewrite the energy
function Ft defined above by introducing a fuzzifier q P 1 as
follows

Ftðbt;ut; ctÞ ¼
Z
X

XN
i¼1

kItðxÞ � btðxÞct;ik2uq
t;iðxÞdx: ð6Þ

To generalize the above defined formulation and provide an
option for users to improve the segmentation result, we introduce
positive weighting coefficients k1; k2; . . . ; kN for the N clusters
and modified the above energy as follows

Ftðbt;ut; ctÞ ¼
Z
X

XN
i¼1

kikItðxÞ � btðxÞct;ik2uq
t;iðxÞdx: ð7Þ

This objective function is minimized when high membership
values are assigned to voxels, intensities of which are close to
the centroid, and low membership values are assigned when the
voxels are far from the centroids.

Remark 1. It is worth pointing that the objective function defined
above is a special case of objective functions in BCFCM and FCM.
That is to say the proposed BCEFCM is a generalization of the well-
known FCM. Note that for all other parameters fixed, the smaller
the parameter ki is, the greater the i-cluster is, and vice versa. We
will discuss the impact of parameter ki on the size of the i-th
cluster in Section 4
2.2. Energy minimization

Segmentation of the brain MR image It can be performed by
minimizing the energy Ftðbt ;ut ; ctÞ defined in Eq. (7) subject to
the constraints 0 6 ut;iðxÞ 6 1 and

PN
i¼1ut;iðxÞ ¼ 1 for all x 2 X.

The minimization can be achieved by alternately minimizing
energy function Ftðbt ;ut ; ctÞ with respect to each of its variables
as follows.

For fixed btðxÞ and ut;iðxÞ where i ¼ 1;2; . . . ;N, we minimize

Ftðbt;ut; ctÞ with respect to ct;i by resolving @Ft ðbt ;ut ;ct Þ
@ct;i

¼ 0. It is obvi-

ous that Ftðbt ;ut ; ctÞ is minimized at ct;i ¼ ĉt;i, given by

ĉt;i ¼
R
X btðxÞItðxÞuq

t;iðxÞdxR
X b2

t ðxÞuq
t;iðxÞdx

: ð8Þ

For fixed ut;iðxÞ and ct;i where i ¼ 1;2; . . . ;N, we minimize

Ftðbt;ut; ctÞ with respect to btðxÞ by resolving @Ft ðbt ;ut ;ct Þ
@bt ðxÞ ¼ 0. It can

be shown that Ftðbt ;ut ; ctÞ is minimized at btðxÞ ¼ b̂tðxÞ, given by

b̂tðxÞ ¼
ItðxÞ

PN
i¼1 kict;iu

q
t;iðxÞPN

i¼1 kic
2
t;iu

q
t;iðxÞ

: ð9Þ

For the case q > 1, minimization of Ftðbt ;ut ; ctÞ with respect to
ut;iðxÞ can be implemented by resolving the following Lagrangian
equation:

L ¼
XN
i¼1

ki

Z
X
kItðxÞ � btðxÞct;ik2uq

t;iðxÞdx� k
XN
i¼1

ut;iðxÞ � 1

 !
; ð10Þ

where k is the Lagrangian multiplier and
PN

i¼1 ut;iðxÞ ¼ 1 is the
extremum condition. For fixed btðxÞ and ct;i where i ¼ 1;2; . . . ;N,
we take partial derivative of the above equation with respect
ut;iðxÞ, set the result to 0, and resolve the equations with the con-

straint that
PN

i¼1 ut;iðxÞ ¼ 1. Then, it can be shown that Ftðbt;ut; ctÞ
is minimized at ut;iðxÞ ¼ ût;iðxÞ, given by

ût;iðxÞ ¼ ðkikItðxÞ � btðxÞcik2Þ
1

1�qPN
j¼1 ðkjkItðxÞ � btðxÞct;jk2Þ

1
1�q

i ¼ 1;2; . . . ;N: ð11Þ

For the case q ¼ 1, it can be shown that the minimizer ût;iðxÞ is
given by

ût;iðxÞ ¼
1; i ¼ iminðx; tÞ
0; i– iminðx; tÞ

�
i ¼ 1;2; . . . ;N; ð12Þ

where

iminðx; tÞ ¼ argmin
i

ðkikItðxÞ � btðxÞct;ik2Þ: ð13Þ
2.3. Intensity similarity and its normalization

The additive noise nt in the image model shown in Eq. (1)
should be removed or reduced at least to enhance the accuracy
of brain segmentation. There are two drawbacks if the longitudinal
images are directly de-noised for each time point separately before
performing segmentation. Firstly, excessive bright and/or dark pix-
els, which may be caused by a particularly strong bias field or the
noise, will change image contrast and therefore affect performance
of de-noising methods. Secondly, correlations of the longitudinal
MR image series in temporal dimension are not taken into account.
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Similarly to Ref. [38], we define

ct;iðxÞ ¼ kItðxÞ � btðxÞct;ik2; ð14Þ

and use ct , defined by ct ¼ ðct;1; ct;2; . . . ; ct;NÞ, to remove the influ-
ence of noise on segmentation accuracy. In fact, the vector variable
ct can be seen as a similarity vector in which each scalar element
ct;iðxÞ is the intensity similarity between the intensity constant ct;i
of the i-th tissue and the intensity of the MR image It at location x.

Substituting the above equation into Eq. (11), we obtain

ût;iðxÞ ¼
ðkict;iðxÞÞ

1
1�qPN

j¼1 ðkjct;jðxÞÞ
1

1�q

i ¼ 1;2; . . . ;N: ð15Þ

From the above equation, we can see that the membership function
ut;iðxÞ is directly determined by ct;iðxÞ and the sum of ct;1; ct;2, . . .,
Fig. 2. Demonstration of effect of the proposed non-locally spatio-temporal regularizati
computed by Eq. (14), normalized results in Eq. (16), and final regularized results obtain f
are results computed for CSF, GM, WM from left to right, respectively.
and ct;N . Since fuzzy segmentation results of the image are deter-
mined by the membership function ut;iðxÞ especially by the ratio
between different uiðx; tÞ; i ¼ 1;2; . . . ;N. That is to say final
segmentation results are indirectly decided by the ratio between
different components of ct . As shown in the first row of Fig. 2, the
contrasts of intensity similarity images for GM and WM are a little
bad. We normalize ct ¼ ðct;1; ct;2; . . . ; ct;NÞ and obtain the normaliza-
tion result ~ct ¼ ð~ct;1; ~ct;2; . . . ; ~ct;NÞ defined by

~ct;iðxÞ ¼
ct;iðxÞPN
j¼1ct;jðxÞ

i ¼ 1;2;3; . . . ;N: ð16Þ

It is obvious that this is an inter-class normalization for each
image voxel x. Thus, the negative influence of terrible image con-
trast on noise removal, which is viewed as the first drawback of
directly de-noising images separately before segmentation as men-
on on one brain MR image from a simulated patient case. The intensity similarities
rom Eq. (18) are given in the 1st, 2nd, and 3rd rows, respectively. Images in each row
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tioned earlier, can be overcome. The second drawback can be over-
come by the non-locally regularization described in the following
subsection. Note that the contrasts of intensity similarity images
can also be improved as shown in the second row of Fig. 2.

2.4. Non-locally spatio-temporal regularization by non-local means
denoising

The optimal membership function ût;iðxÞ in Eq. (15) might be
irregular due to the noise in the image. In order to accurately seg-
ment images described in Eq. (1), effective noise reduction is nec-
essary. However, traditional denoising methods may blur the
image especially at boundaries because they generally replace
intensity of a given pixel with an average of its neighboring pixels,
which therefore increases the difficulty of segmenting the image
correctly [39]. In fact, there is no reason for the most similar pixels
to a given pixel to be close to it [40]. Thus, Buades et al. proposed a
non-local means denoising (NLMD) method to reduce noise from
noisy images by averaging similar pixels in the whole image
domain not only in the neighborhood of a given pixel, which
reserves local characteristics of the image and will not blur the
image [41].

In order to ensure the consistency of the segmentation, we first
define

ðGd � k~ctðxþ �Þ � ~ctðy þ �Þk2Þð0Þ

¼
Z
X
GdðsÞ

XN
i¼1

k~ct;iðxþ sÞ � ~ct;iðy þ sÞk2
 !

ds: ð17Þ

We then define a non-locally spatio regularization on the com-
ponents of similarity vector ~ct as follows

~̂ct;iðxÞ ¼ NLð~ct;iÞðxÞ ¼ 1
CðxÞ

Z
X

fW ðx; yÞ~ct;iðyÞdy; i

¼ 1;2; . . . ;N ð18Þ

where CðxÞ ¼ R fW ðx; zÞdz and

fW ðx; yÞ ¼ e
� Gd � j~ct ðxþ�Þ�~ct ðyþ�Þj2ð Þð0Þ

h2 : ð19Þ
Eq. (18) indicates that ~ct;iðxÞ is replaced by a weighted average of
~ct;iðyÞ. The weightings are effective only if intensities in the Gaus-
sian window around y are similar to those in the corresponding
window around x. Thus, NLMD takes advantage of image self-
similarity to reduce noise and therefore the local characteristics of
the image can be preserved as shown in Fig. 2. Differences of inten-
sity similarity between corresponding voxels in the Gaussian win-
dows around x and y are summed together for all clusters to
ensure a spatio regularization.

To regularize intensity similarity ~ct;i temporally, we first define

ðGd � k~cðxþ �Þ � ~cðy þ �Þk2Þð0Þ

¼
Z
X
GdðsÞ

Z T

t¼1

XN
i¼1

j~ct;iðxþ sÞ � ~ct;iðy þ sÞj2
 !

ds ð20Þ

and then rewrite Eq. (19) into

fW ðx; yÞ ¼ e
� Gd � j~cðxþ�Þ�~cðyþ�Þj2ð Þð0Þ

h2 ð21Þ
and then substitute it into Eq. (18). It is obvious that the time inte-
gral in Eq. (20) can be considered as a temporal regularization on
the intensity similarities. The regularization is used to overcome
the second drawback of directly de-noising images separately as

mentioned earlier. We finally write ~̂ct;iðxÞ; i ¼ 1;2; . . . ;N into a vec-

tor form expressed by ~̂ctðxÞ ¼ ð~̂ct;1ðxÞ; ~̂ct;2ðxÞ; . . . ; ~̂ct;NðxÞÞ
T
.

2.5. Non-locally regularized membership function

The membership functions determined by the de-noised inten-

sity similarities in Eq. (18) can be denoted by ~̂utðxÞ
¼ ð~̂ut;1ðxÞ; ~̂ut;2ðxÞ; . . . ; ~̂ut;NðxÞÞ

T
. For q > 1, each component of ~̂utðxÞ

is given by

~̂ut;iðxÞ ¼ ðki ~̂ct;iðxÞÞ
1

1�qPN
j¼1 ðkj~̂ct;jðxÞÞ

1
1�q

i ¼ 1;2; . . . ;N: ð22Þ

For q ¼ 1, it can be shown that

~̂ut;iðxÞ ¼
1; i ¼ imin regðx; tÞ
0; i– imin regðx; tÞ

�
i ¼ 1;2; . . . ;N ð23Þ

where

imin regðx; tÞ ¼ argmin
i

ðki ~̂ct;iðxÞÞ ð24Þ
2.6. Implementation

To ensure the slowly and smoothly varying property of the bias
filed, we convolute the bias field b with a kernel function K in the
implementation to smooth it as soon as it has been updated using
Eq. (9) in each iteration. Note that the choice of the convolution
kernel K is important but flexible as long as it is a non-negative
function defined on X with range of ½0;þ1Þ� and satisfies:

(1) Kð�xÞ ¼ KðxÞ;
(2) KðxÞ > KðyÞ, if jxj < jyj, and limjxj!þ1KðxÞ ¼ 0;
(3)

R
X KðxÞdx ¼ 1.

In this paper, the following averaging filter with size of q is cho-
sen as the convolution kernel function K:

KqðuÞ ¼
a; for juj 6 q
0; for juj > q

�
ð25Þ

where a > 0 is a normalization factor such that
R
juj6q KqðuÞ ¼ 1.

The implementation of the proposed method can be straightfor-
wardly expressed in the following steps.

	 Step 1. Set t ¼ 1. For images at time point t, initialize utðxÞ and
ct .

	 Step 2. Update btðxÞ as b̂tðxÞ computed by Eq. (9).
	 Step 3. Convolute btðxÞ with kernel K to smooth it.
	 Step 4. Update ct as ĉt with ĉt;i computed by Eq. (8).
	 Step 5. Update utðxÞ as ûtðxÞ with ût;iðxÞ computed by Eq. (11)
for q > 1 or Eq. (12) for q ¼ 1.

	 Step 6. Go to Step 2 unless objective function defined in Eq. (7)
converged or the iteration exceeds a predetermined maximum
number.

	 Step 7. Generate ctðxÞ with ct;iðxÞ computed by Eq. (14).
	 Step 8. Normalize ctðxÞ to generate ~ctðxÞ with its component
~ct;iðxÞ computed by Eq. (16).

	 Step 9. Set t ¼ t þ 1. If t 6 T , go to Step 1. Otherwise, go to
Step 9.

	 Step 10. For each time point t 2 ½1; T�, generate ~̂ctðxÞ with its

component ~̂ct;iðxÞ computed by Eq. (18).

	 Step 11. Update the membership function ~̂utðxÞ with its compo-

nent ~̂ut;iðxÞ computed by Eq. (22) for q > 1 or by Eq. (23) for
q ¼ 1.



522 C. Feng et al. / J. Vis. Commun. Image R. 38 (2016) 517–529
The convergence criterionused in Step 5 is kcðnþ1Þ
t � cðnÞt k < 0:003,

where cðnþ1Þ
t and cðnÞt are theupdatedvector ct in Step3 in thenþ 1-th

and n-th iteration, respectively. Since the images are classified into
WM, GM, and CSF, we set N ¼ 3 in this paper. We respectively set
other parameters k1 ¼ 1:7; k2 ¼ 1:0; k3 ¼ 0:8; q ¼ 2:0, and q ¼ 7
as the default parameters for segmenting WM, GM, and CSF from
the images.

The original definition of the NL-means algorithm considers
that each voxel can be linked to all the others, but the number of
voxels taken into account in the weighted average is practically
restricted in a neighborhood of size ð2M þ 1Þ3 centered at current
voxel i. This is the so called search window where the similarity
between i and j depends on the similarity of their local neighbor-
hoods of size ð2dþ 1Þ3. Therefore, the main disadvantage of the
NL-means algorithm is the computational burden as its complexity
is in the order of OððNð2M þ 1Þ3ð2dþ 1Þ3ÞÞ for images with N vox-
els. As reported in [42], for the image with resolution of
181� 217� 181, the computational time reaches up to 6 h for
NLMD with parameters d ¼ 1 and M ¼ 5. This is far beyond a rea-
sonable duration expected by a de-noising algorithm in medical
practice. As improvement of GPUs in the capability of parallel pro-
gramming is remarkable in the last few years [43], we accelerate
the modified de-noising described in Eq. (18) using GPUs in the
implementation. The GPUs with Compute Unified Device Architec-
ture (CUDA) are treated as data-parallel computation devices [44],
in which thousands of threads simultaneously execute at the same
time [45]. By using standard C language, the modified NLMD algo-
rithm can be easily implemented by encapsulating its instructions
into a CUDA kernel function. The function is invoked by the CPU
but executed on the GPU with thousands of threads concurrently.
Unfortunately, there is a watchdog timer to trigger a system reset
if the kernel occupies the GPU longer than 5–15 s depending on the
specific setting of the operating system. Readers are referred to
http://msdn.microsoft.com/en-us/library/ms856964 for more
details. Therefore, in our implementation, CUDA threads are cre-
ated based on the resolution of the input image. If the watchdog
time reaches for larger search window and/or neighborhood, the
kernel function is split into ð2M þ 1Þ3 smaller functions which will
introduce ð2M þ 1Þ3 times launch and invocation but short the exe-
cution time for each thread. If the watchdog time reaches again
(hardly happen), the kernel functions are further split into
ð2dþ 1Þ3 more smaller kernels and will introduce ð2M þ 1Þ3 �
ð2dþ 1Þ3 times launch and invocation. In this way, we obtain about
200 times speedup for the proposed algorithm implemented on
Geforce GT310 (45 s) than its running on intel i7 processor (about
2 h and a half) to de-noise a 181� 217� 181 image with M ¼ 2
and d ¼ 1. Due to the achievement of watchdog time and
ð2M þ 1Þ3 times launch and invocation, the speedup ratio reduces
to 150 (less than 10 min) for de-noising a image with resolution
of 181� 217� 181 in M ¼ 5 and d ¼ 1.
3. Experimental results

The proposed method has been extensively tested on both syn-
thetic images and real images in Matlab R2011b on a computer
with Intel(R) Core(TM) i5-3230 M 2.6 GHz CPU, 4 GB RAM, and
Windows 7 64-bit operating system. The synthetic images down-
loaded from BrainWeb (http://www.bic.mni.mcgill.ca/brainweb/),
which also provides the ground truth that can be used to quantita-
tively evaluate the accuracy of the proposed segmentation method.
We first downloaded 9 cases of MR images with three different
levels of noise (none, 5%, and 9% to the brightest tissue) and three
levels of intensity inhomogeneity (none, 20%, and 40% RF) from the
website. Resolutions of the images are 181� 217� 181 with 1 mm
in-plane pixel size and 1 mm slice thickness. Note that intensity
inhomogeneities in the images are linear and they are therefore
easily handled by segmentation methods. To examine segmenta-
tion methods in a much more difficult situation, we added three
levels of non-linear intensity inhomogeneities to the simulated
image by multiplying them with the original image downloaded
from BrainWeb to obtain three images with different intensity
inhomogeneities. We then added noise of three different levels to
these images and therefore obtained another 9 cases of MR images.
In addition, simulated brain atrophy are added to the 18 MR image
series. The real images are from the Internet Brain Segmentation
Repository (IBSR) which is a World Wide Web resource providing
access to MR brain images and segmentation results contributed
and utilized by researchers from all over the world. In this section,
we first apply the proposed method BCEFCM to segment Brainweb
and IBSR datasets and compare segmentation accuracy of BCEFCM,
FCM, and BCFCM on the datasets qualitatively. We then demon-
strate the capability of the proposed BCEFCM + NL method in seg-
mentation of brain MR images in arbitrary number of serial images.
We finally quantitatively validate segmentation accuracy of the
proposed BCEFCM + NL method in segmentation of longitudinal
images and its stability.

3.1. Effectiveness of BCEFCM on segmentation of Brain MR Images

In this subsection, we validate effectiveness of BCEFCM on seg-
mentation of brain MR images on BrainWeb and IBSR datasets. We
first compare segmentation results of BCEFCM with FCM and
BCFCM on four image slices from the same image case of BrainWeb
with the most severe non-linear intensity inhomogeneity (60%)
and show the results in Fig. 3. Estimated bias field and bias cor-
rected images are also given in Fig. 3. It can be obviously seen that
(1) segmentation results of FCM are the most easily affected by
intensity inhomogeneity, (2) BCFCM considered parts of GM as
WM, (3) BCEFCM is not sensitive to intensity inhomogeneity with
its segmentation results match with the ground truth best, and (4)
the estimated bias field of BCEFCM is smooth and intensities of the
corrected image are more homogeneous. We then compare seg-
mentation results of BCEFCM with FCM and BCFCM on four image
slices from case IBSR_04 of IBSR dataset and show the results in
Fig. 4. Estimated bias field and bias corrected images are included
as shown in Fig. 4. It can be seen that (1) parts of GM are consid-
ered as WM by BCFCM, (2) the amount of CSF and WM are both
obviously greater than the ground truth in segmentation results
of FCM, (3) segmentation results of BCEFCM match with the
ground truth best, and (4) the estimated bias field is smooth and
intensities of the corrected image are more homogeneous. All
above, the proposed BCEFCM method is effective in segmenting
brain MR images and estimating the bias field accurately.

3.2. Brain segmentation in arbitrary number of serial MR images

It is obvious that the proposed method is able to produce desir-
able results for brain segmentation even if there are severe inten-
sity inhomogeneities in brain MR images. Furthermore, the non-
local means de-noising regularization enables the proposed
method to produce noise-free segmentation results. The third
advantage of the proposed method is that it can segment brain
MR images scanned in an arbitrary number of time series. To verify
this advantage of the proposed method, we applied the proposed
method to segment brain MR images at 2-time points and 3-time
points and show one slice of segmentation results in Figs. 5 and
6, respectively. The images come from one longitudinally synthetic
image series with cerebral atrophy. It is obvious that although
there are severe intensity inhomogeneities (40% linear bias) and
noise (5% to the brightest tissue) in the MR images, the proposed
method can segment brain tissues from the longitudinal MR

http://msdn.microsoft.com/en-us/library/ms856964
http://www.bic.mni.mcgill.ca/brainweb/


Fig. 3. Comparison of segmentation results of BCEFCM with state-of-the-art methods on four slices of one image case from BrainWeb with the most severe non-linear
intensity inhomogeneity (60%). From left to right: original images, segmentation results of FCM, BCFCM, and BCEFCM, estimated bias field and corrected images of BCEFCM,
and the ground truth.

Fig. 4. Comparison of segmentation results of BCEFCM with state-of-the-art methods on four slices from case IBSR_04 in four rows. For each slice, the original image,
segmentation results of FCM, BCFCM, and BCEFCM, estimated bias field and corrected images of BCEFCM, and the ground truth are given from left to right, respectively.
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Fig. 5. Demonstration of application of the proposed method to segment brain MR image series with simulated atrophy at 2-time points. Images in upper and lower rows are
chronological with original images (40% bias and 5% noise), the ground truth, and segmentation results of the proposed method shown in the left, middle, and right columns,
respectively.
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images no matter how many time series the images include and
segmentation results of the proposed method are close to the
ground truth.

3.3. Quantitative evaluation of segmentation accuracy

To evaluate segmentation accuracy of the proposed method
quantitatively, we compare segmentation results of the proposed
method with FAST, FreeSurfer and BCEFCM on BrainWeb in terms
of false positive ratio (FPR), false negative ratio (FNR), and Jaccard
similarity (JS) in this subsection.

For image segmentation, a false positive occurs when a segmen-
tation result indicates that a pixel belongs to a tissue, but it does
not in fact. On the contrary, a false negative occurs when the seg-
mentation result indicates that a pixel does not belong to a tissue,
but it does in fact. Let NFP and NFN be the number of FP and FN and
A be the ground truth, FPR and FNR can then be defined by

FPR ¼ NFP
jIj � jAj � 100% ð26Þ

and

FNR ¼ NFN
jAj � 100%; ð27Þ

respectively, where j � j denotes the size of region �. Obviously, val-
ues of FPR and FNR both range from 0 and 1 with a smaller value
indicating a better match between segmentation result and the
ground truth. To evaluate segmentation accuracy of the proposed
method quantitatively, we compare FPR and FNR values of segmen-
tation results obtained by the proposed method on BrainWeb
images in 3-time point with FAST, FreeSurfer, and BCEFCM and
show the comparison result in Fig. 7. In this boxplot figure, shorter
boxes and lower values indicate a better match between segmenta-
tion results and the ground truth. It is obvious that the FNR values
of the proposed method for GM are smaller than the other methods.
Whereas, FPR values of the proposed method for GM are slightly
larger than BCEFCM. For WM, FPR values of the proposed method
are slightly larger than FAST and FNR values are slightly larger than
BCEFCM.

More objective and precise comparison of segmentation accu-
racy of the proposed methods with others can performed by eval-
uating the segmentation results using Jaccard similarity, which is
defined as the size of the intersection divided by the size of the
union of the segmentation result and the ground truth as described
in the following form

JS ¼ jS1 \ S2j
jS1 [ S2j ð28Þ

where j � j represents the area of region �; \ is the intersection
operator, [ is the union operator, S1 is the region segmented by
an algorithm, and S2 is the corresponding region obtained from
the ground truth. Obviously, JS 2 ½0;1� with higher value indicating
the segmentation result better match with the ground truth. Seg-
mentation accuracy of FAST, FreeSurfer, BCEFCM, and the proposed
method in term of JS on BrainWeb are shown in Fig. 8. In this box-
plot figure, shorter boxes and higher values indicate a better match
between segmentation results and the ground truth. From Fig. 8, we
can obviously see that segmentation results of the proposed
method are the closest to the ground truth. Specifically, the box
range and the band in the box (median) of the proposed method
are almost equal to BCEFCM and greater than other methods.
Although the maximal JS for the proposed method is less than
BCEFCM, the minimum of the proposed method is the largest.

3.4. Stability of the proposed method for longitudinal segmentation

As mentioned earlier, the proposed method is effective for seg-
menting brain tissues in an arbitrary number of brain MR image
series. Thus, there is no restriction on the number of image series
for the proposed method to achieve a longitudinal segmentation.
No matter how many time series (2, 3, or more) the longitudinal
images include, the proposed method can provide a stably



Fig. 6. Demonstration of application of the proposed method to segment brain MR image series with simulated atrophy at 3-time points. Images in upper, middle, and lower
rows are chronological with original images (40% bias and 5% noise), the ground truth, and segmentation results of the proposed method shown in left, middle, and right
columns, respectively.
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longitudinal segmentation. We evaluate segmentation stability of
the proposed method on longitudinal images from BrainWeb in
this section. To give a statistical analysis, the volumes of GM and
WM marked by the proposed method, ground truth, and FAST,
FreeSurfer, and BCEFCM on the 30 BrainWeb image series are first
computed. The medians are then extracted and plotted in Figs. 9
and 10 for 2-time point segmentation and 3-time point segmenta-
tion, respectively. For the segmentation methods that are not effec-
tive for segmenting images in 2- or 3-time points, we segment the
entire longitudinal image series using them separately and extract
segmentation results of the corresponding series used in this com-
parison to analyze their performance in volume estimation of GM
andWM. As shown in Figs. 9 and 10, the trends of volume curves of
GM and WM computed from segmentation results of the proposed
method give the best match with the ground truth and indicate
brain atrophy well.

4. Discussions

4.1. Impact of weighting coefficients ki

Let n ¼ 1
q�1, Eq. (15) can be rewritten as

ût;iðxÞ ¼ 1Pi�1
j¼1

kict;iðxÞ
kjct;jðxÞ

� �n
þPN

j¼iþ1
kict;iðxÞ
kjct;jðxÞ

� �n
þ 1

: ð29Þ
If Dki > 0, we substitute k0i ¼ ki þ Dki into the above equation and
obtain

û0
t;iðxÞ ¼

1Pi�1
j¼1

ðkiþDkiÞct;iðxÞ
kjct;jðxÞ

� �n
þPN

j¼iþ1
ðkiþDkiÞct;iðxÞ

kjct;jðxÞ

� �n
þ 1

: ð30Þ

Thus, difference between û0
t;iðxÞ and ût;iðxÞ can be written as

Dût;iðxÞ ¼ û0
t;iðxÞ� ût;iðxÞ

¼
Pi�1

j¼1

kict;iðxÞ
kjct;j ðxÞ

� �n

� ðkiþDki Þct;i ðxÞ
kjct;j ðxÞ

� �n� �
þ
PN

j¼iþ1

kict;i ðxÞ
kjct;j ðxÞ

� �n

� ðkiþDkiÞct;i ðxÞ
kjct;j ðxÞ

� �n� �
PN

j¼1

kict;i ðxÞ
kjct;j ðxÞ

� �n� � PN

j¼1

ðkiþDkiÞct;i ðxÞ
ðkjþDkj Þct;j ðxÞ

� �n� � :

ð31Þ

It is obvious that ðkiþDkiÞct;iðxÞ
kjct;jðxÞ >

kict;iðxÞ
kjct;jðxÞ > 0. It is well known that the

power function xn is positive and is monotonically increasing in

the interval of ð0;1Þ if n > 0. Thus, ðkiþDkiÞct;iðxÞ
kjct;jðxÞ

� �n
>

kict;iðxÞ
kjct;jðxÞ

� �n
. There-

fore, for the case q > 1; DûiðxÞ < 0 if Dki > 0. For the case q ¼ 1, it
can be seen obviously from Eq. (12) that the increase of ki will
decrease the possibility of argminiðkict;iÞ being i. That is to say,
ût;iðxÞ can been viewed as a monotonic decreasing function of ki
for q P 1, which indicates that a greater ki will result in reduction
of the amount of pixels classified as the i-th tissue. To demonstrate
the impact of ki visually, we segment the 128-th image slice of
IBSR_09 with nine different values of k2 equally spaced in the inter-
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Fig. 7. Comparison of the proposed method with FAST, FreeSurfer, and BCEFCM on BrainWeb images in terms of FPR (upper row) and FNR (lower row).
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Fig. 8. Comparison of the proposed method with FAST, FreeSurfer, and BCEFCM on BrainWeb images in terms of JS.
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Fig. 9. Comparison of segmentation consistency of the proposed method with the ground truth (GT), FAST, FreeSurfer, and BCEFCM in terms of volume change for 2-time
point images from BrainWeb.
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Fig. 10. Comparison of segmentation consistency the proposed method with the ground truth (GT), FAST, FreeSurfer, and BCEFCM in terms of volume change for 3-time point
images from BrainWeb.

Fig. 11. Demonstration of the impact of parameter k2 on the size of GM segmented by BCEFCM when k1 and k3 are both set to be 2.0.

C. Feng et al. / J. Vis. Commun. Image R. 38 (2016) 517–529 527



Fig. 12. Demonstration of the impact of parameter q on the smoothness of the estimated field and on the quality of the corrected image. The original image is given in the 1st
row. The estimated bias fields and corrected images obtained from BCEFCM with parameter q ¼ 1, 3, 5, 7, 9, 11 are given in the 2nd and 3rd rows from left to right,
respectively.
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val of [0.4, 2.0] where k1 and k3 are both set to be 2.0 and show the
results in Fig. 11. In this experiment, cluster centroids are initialized
as equally spaced values in the range of intensities for the image. It
can be seen from the original image as shown in Fig. 11(a), the
intensities of GM are lower than WM but greater than CSF. There-
fore, the increase of k2 will decrease the amount of pixels classified
as GM as shown in Fig. 11(b), which can be also seen visually from
GM segmented by BCEFCM with k2 changing with step 0.2 in the
interval of ½0:4;2:0� as shown in Fig. 11(c)–(k).

4.2. Impact of parameter q

As mentioned earlier, the bias field is smoothed once it is
updated in each iteration by convoluting it with a kernel and the
averaging filter Kq is used in this paper. Note that the size (element
number) of convolution kernel Kq is controlled by the parameter q.
In fact, the greater the parameter q is, the larger the scale of Kq is
and the smoother the estimated bias field is. To demonstrate the
impact of q on the smoothness of the estimated bias field and on
the quality of the corrected image visually, we segment the 90-th
image slice of BrainWeb which is corrupted by slight noise (3%)
and severe intensity inhomogeneity (60% non-linear bias) with q
taking odd values in ½1;11� and give the results in Fig. 12. We
can see that the estimated bias fields are smooth enough and the
bias corrected images are good enough if the parameter q of
BCEFCM takes values that are not less than 7.
5. Conclusion

We have presented a fully automated method for segmentation
of brain tissues in longitudinal MR images. The proposed method is
able to segment brain tissues consistently from an arbitrary
number of brain MR image series with the ability of dealing with
the intensity inhomogeneities and overcoming the influence of
noise. Quantitative evaluation and comparison with the state-of-
the-art methods on BrainWeb images demonstrate the advantages
of the proposed method, especially in terms of segmentation accu-
racy and consistency.
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