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a b s t r a c t
Segmentation of multiple sclerosis (MS) lesion is important for many neuroimaging studies. In this paper,
we propose a novel algorithm for automatic segmentation of MS lesions from multi-channel MR images
(T1W, T2W and FLAIR images). The proposed method is an extension of Li et al.'s algorithm in [1], which
only segments the normal tissues from T1W images. The proposed method is aimed to segment MS lesions,
while normal tissues are also segmented and bias ﬁeld is estimated to handle intensity inhomogeneities in
the images. Another contribution of this paper is the introduction of a nonlocal means technique to achieve
spatially regularized segmentation, which overcomes the inﬂuence of noise. Experimental results have
demonstrated the effectiveness and advantages of the proposed algorithm.
© 2014 Elsevier Inc. All rights reserved.

1. Introduction
Multiple sclerosis (MS) regarded as a white matter disease in
young adults is an acquired inﬂammatory disease of the central
nervous system (CNS) of uncertain etiology. It is characterized by
demyelination, axonal injury, and gliosis followed by remyelination. MS lesion load and neurodegeneration usually increase with
age, and cause focal neurobehavioral syndromes, neuropsychiatric
phenomena and dementia [2–5]. Due to the sensitivity of MR
image in detecting MS plaques, magnetic resonance imaging (MRI)
has become an important paraclinical tool for diagnosing MS.
Moreover, the development of immunomodulatory and immunosuppressive therapies also has been critically dependent on MRI,
due to the ability of MRI to visualize lesion [6]. MS lesions present
as hyper-intensity (WMH) on T2-weighted (T2W) images and
ﬂuid attenuated inversion recovery (FLAIR) images, and as
hypointense signal on T1-weighted (T1W) images [2]. Quantitative
analysis for MR images to measure and monitor lesion load and
tissue volumes has become invaluable for patient follow-up and
evaluation of therapies [7].
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The FLAIR images have similar characteristics with T2W images
except for cerebrospinal ﬂuid (CSF) suppression [8,9], which makes
the FLAIR image to be more suitable for lesion detection. Therefore,
the detection methods of MS lesion are usually optimized for the
simultaneous analysis of multiple images, including at least two of
T1W, T2W, proton density-weighted (PD), and FLAIR images [10,11].
However, manual delineation of MS lesions is a challenging and
time-consuming process, and has poor reproducibility [12]. Furthermore, it usually suffers from signiﬁcant intra- and inter-observer
variation [13]. Therefore, auto-matic lesion segmentation offers an
attractive alternative to manual segmentation.
Various supervised MS lesion segmentation algorithms, served as
an important kind of automatic lesion segmentation methods, have
been presented in recent years. For example, Klöppel et al. [10]
separated WMH from intact white matter through the training data,
which consists of scans with manually outlined lesions. On the other
hand, support-vector machine (SVM) has been applied to detect MS
lesions in some supervised lesion segmentation methods. For
instance, Lao et al. [14] presented a computer-assisted MS lesion
segmentation method based on the local features extracted from
multiparametric MRI sequences (T1W, T2W, PD, and FLAIR MRI
scans). In this method, an SVM classiﬁer is trained on expert-deﬁned
lesions ﬁrst, and is then employed to classify the new scans. Quddus
et al. [15] used the PD scans to generate the simple features, followed
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by the radial basis function (RBF) based Adaboost technique and
SVM, to segment MS lesions. In addition to the SVM, k-nearest
neighbor (k-NN) classiﬁcation is another supervised learning
technique employed as a strategy for lesion segmentation [10]. Anbeek
et al. [16,17] performed it to build a feature space from voxel intensities
and spatial informations based on T1W, T2W, PD and FLAIR scans for
lesion segmentation. Wu et al. [18] also combined an intensity-based
statistical k-NN classiﬁcation with the template-driven segmentation
and partial volume artifact correction (TDS+) for segmentation of MS
lesion subtypes and brain tissue compartments. Another method
proposed by Warﬁeld et al. [19] combined the k-NN classiﬁcation with
nonlinear registration to detect MS lesions.
Apart from the machine learning based lesion segmentation
methods, some intensity-based classiﬁers are employed to detect
MS lesions in unsupervised segmentation methods. Gaussian
Mixture Model (GMM) is usually employed in lesion segmentation,
and MS lesions are segmented as outliers in this model. In [20],
Leemput et al. performed intensity-based tissue classiﬁcation based
on a stochastic model of normal brain images, and detected MS
lesions as outlier. This method simultaneously corrects image
intensity inhomogeneities, estimates tissue-speciﬁc intensity
models from the data itself, and incorporates contextual information in the classiﬁcation by Markov random ﬁeld (MRF). A trimmed
likelihood estimator (TLE) is also employed to estimate a GMM
from different time points [21]. For example, García-Lorenzo et al.
[22] combined TLE with a mean shift algorithm, and Bricq et al. [23]
combined it with a Hidden Markov chain to segment MS lesions. In
[24], Freifeld et al. performed healthy tissue segmentation according to a probabilistic model of normal brain images, and MS lesions
are simultaneously identiﬁed as outlier of Gaussian components.
The intensity of tissue is considered as a global parameter, and it is
constrained to be the same value for a set of related Gaussians per
tissue. An active contour algorithm is employed to delineate lesion
boundaries. On the other hand, Shi et al. [25] detected lesions
within the scope of WM by a coarse-to-ﬁne mathematical
morphology method from T1W, FLAIR and diffusion weighted
imaging (DWI) sequences.
Some reported methods model MS lesions as a separate class to
distinguish from other normal tissues. For instance, Harmouche et al.
[26] introduced a fully automatic Bayesian framework into the lesion
classiﬁcation. This method employed posterior probability distributions and entropy values to classify normal and lesion tissue. In [27],
a nonstatistical, image-based PVA quantiﬁcation scheme based on a
global edge-based paradigm is applied to segment MS lesions from
FLAIR images.
However, progression of MS lesions shows considerable variability. Moreover, temporal changes in MS lesions vary in shape, location
and area between patients, even within the same patient [28–31].
For the above reasons, the lesion segmentation results from most
reported methods depend on lesion type and imaging modality.
Furthermore, noise and residual artifacts in the MR images also make
lesion segmentation a challenging problem [6].
In this paper, we proposed a novel algorithm for automatic
lesion segmentation from multi-channel MR images (T1W, T2W
and FLAIR images) in an energy minimization and nonlocal means
framework. This method is an extension of Li et al.'s algorithm in
[1], which only segments the normal tissues from T1W images. An
energy minimization approach is proposed to segment MS lesions
and estimate the bias ﬁeld from multi-channel images ﬁrst, and
then the nonlocal means is employed to achieve spatially
regularized segmentation of MS lesions. The major contributions
of this paper can be two-fold. Firstly, MS lesions can be segmented
from multi-channel MR images, meanwhile normal tissues are also
segmented, and bias ﬁeld is estimated to handle intensity
inhomogeneities in the images. Secondly, a nonlocal means

1059

technique is introduced to achieve spatially regularized segmentation and overcome the inﬂuence of noise. In addition, the T2W
and FLAIR images are rigidly registered to the corresponding T1W
images in the preprocessing step.
The remainder parts of this paper are organized as follows:
Section 2 expounds the description of our method. We ﬁrst introduce
the vector valued image model and the energy minimization
framework to segment MS lesions and estimate bias ﬁeld. And then,
the nonlocal means is introduced to regularize the ﬁnal lesion
segmentation. Experimental results and quantitative evaluations are
given in Section 3. Finally, our work is summarized in Section 4.
2. Method
2.1. Image model
Before applying the proposed method, the T2W and FLAIR images
are rigidly registered to its corresponding T1W images in the
preprocessing step. After registration, the multi-channel MR images
are represented as a vector valued image in the image domain Q. The
vector valued image can be represented as
T

IðxÞ ¼ ðI1 ðxÞ; ⋯; I L ðxÞÞ

ð1Þ

where I1(x),⋯,IL(x) are the MR images in the L channels, and (·) T is
the transpose operator. In this work, three MRI modalities, including
T1W, T2W and FLAIR images, are employed to perform lesion
segmentation, the L is set to 3 here.
From an accepted model of MR images [32], an MR image I(x) can
be decomposed as
IðxÞ ¼ bðxÞJ ðxÞ þ nðxÞ

ð2Þ

where I(x) is the observed MR image, J(x) is the true image, b(x) is
the bias ﬁeld, and n(x) is additive noise. In this model, the true image
J(x) characterizes a speciﬁc physical property of the tissues being
imaged, and the bias ﬁeld b(x) is referred to as spurious smoothly
varying image intensities in the image domain.
According to the above MR image model, for each component Ii
(x) of the multi-channel MR image I(x), we have
Ii ðxÞ ¼ bi ðxÞ J i ðxÞ þ ni ðxÞ;

i ¼ 1; ⋯; L

ð3Þ

where bi(x), Ji(x), and ni(x) are the bias ﬁeld, true image, and noise in
the i-th channel, respectively.
In this model, the true image in the i-th channel, Ji(x), is
approximately a constant, ci,j, in the j-th tissue region Ωj due to the
physical property of tissues. The constants, ci,1, ⋯, ci,N, can be vectorized
as ci = (ci,1, ⋯, ci,N)T for the i-th channel image. The membership
functions, u1(x),⋯, uN(x), are represented as a vector valued membership function u(x) = (u1(x),⋯, uN(x))T. Thus, the component of the
vector valued true image, Ji(x), can be represented as:
J i ðxÞ ¼

N
X

ci; j u j ðxÞ

j¼1

¼

ð4Þ

T
ci uðxÞ

where uj(x) is the membership function of j-th tissue. For the
purpose of lesion segmentation, MS lesions are considered as the
fourth type of tissue, in addition to GM, WM, and CSF. Therefore, the
N is set to 4 here.
Ideally, every voxel in the image contains only one type of tissue,
and the image domain Ω is partitioned into N disjoint tissue regions
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Ω1,…,ΩN for the segmentation purpose. Therefore, the membership
function uj(x) can be either 0 or 1 as

between 0 and 1. To this end, we introduce a fuzziﬁer q N 1 as in the
fuzzy C-means clustering method. We deﬁne:



Fðu; c; w; qÞ ¼

u j ðxÞ ¼ 1 x∈Ω j
u j ðxÞ ¼ 0 x∉Ω j

ð5Þ

8
0≤u j ðxÞ≤1 x∈Ω j
>
<
N
X
u j ðxÞ ¼ 1
>
:

F i ðu; ci ; wi ; qÞ

i¼1

¼

However, the N tissues are represented by the fuzzy membership
functions with values between 0 and 1 due to the partial volume
effect. In this case, one voxel x contains more than one type of tissues,
especially, at the interface between neighboring tissues. The fuzzy
value of uj(x) interprets the percentage of j-th tissue within the voxel
x. It should satisfy

L
X

ð11Þ

L X
N Z 
2
X
T

 q
I i ðxÞ−wi GðxÞci; j  u j ðxÞdx
Ω

i¼1 j¼1

where
Fi ðu; ci ; wi ; qÞ ¼

N Z 
2
X

 q
T
Ii ðxÞ−wi GðxÞci; j  u j ðxÞdx
j¼1

ð12Þ

Ω

2.3. Energy minimization
ð6Þ

j¼1

Because the bias ﬁled varies smoothly in the image domain, it can
be approximated by a linear combination of a set of basis functions,
denoted by g1(x),⋯,gM(x), which can be denoted as G(x) = (g1(x),⋯,
gM(x)) T. Usually, 20 basis functions are used for approximation of
bias ﬁeld in this work. Therefore, the component of the vector valued
bias ﬁled bi(x) can be expressed as

An important property of energy F(u, c, w, q) is that it is convex in
each variable. And the energy has a unique minimum point with respect
to each variable, respectively. In our method, the optimizations of u, c
and w are performed by minimizing the energy function in an iterative
process. The minimizer of F(u, c, w) in each variable is given below.
Optimization of w
For ﬁxed c and u, to minimize F(u, c, w) with respect to the
variable w, we take derivative of F(u, c, w, q) with respect to w.
∂Fðu; c; w; qÞ
¼0
∂w

M
X
T
bi ðxÞ≈
wi; j g j ðxÞ ¼ wi GðxÞ

ð7Þ

j¼1

where wi,j is a coefﬁcient of j-th basis function gj(x) in the i-th
channel. The coefﬁcients wi,1,…,wi,M are represented by a column
vector wi = (wi,1,⋯,wi,M) T.

ð13Þ

^ i , is
It is easy to show that the unique minimizer, denoted by w
given by
−1

ŵi ¼ vi Si
Z
Z
N
N
X
X
T
2 q
q
¼ð
GðxÞG ðxÞð
ci; j u j ðxÞÞdxÞ  ð
I i ðxÞGðxÞð
ci; j u j ðxÞÞdxÞ
Ω

Ω

j¼1

j¼1

2.2. Energy formulation

ð14Þ

In this subsection, we extend Li et al.'s formulation for tissue
segmentation and bias ﬁeld estimation in [1] to multi-channel
formulation.
According to [1], we ﬁrst deﬁne the following energy for the
i-th channel:
Fi ðu; ci ; wi Þ ¼

2
N Z 
X


Ii ðxÞ−bi ðxÞci; j  u j ðxÞdx;
j¼1

Ω

where vi can be given by
Z
N
X
−1
T
2 q
vi ¼ ð
GðxÞG ðxÞð
ci; j u j ðxÞÞdxÞ
Ω

and Si can be given by
i ¼ 1; ⋯; L

ð8Þ

Z
N
X
q
Si ¼ ð
Ii ðxÞGðxÞð
ci; j u j ðxÞÞdxÞ
Ω

From Eqs. (4) and (7), the energy function Fi(u, ci, wi) is
rewritten as
Fi ðu; ci ; wi Þ ¼

N Z 
2
X


T
Ii ðxÞ−wi GðxÞci; j  u j ðxÞdx
j¼1

Ω

ð9Þ

Fðu; c; wÞ ¼

i¼1

L X
N Z 
2
X


T
Fi ðuðxÞ; ci ; wi Þ ¼
Ii ðxÞ−wi GðxÞci; j  u j ðxÞdx
i¼1 j¼1

ð16Þ

j¼1

With the optimal w
^ i , the bias ﬁled ^bi ðxÞ is represented as
^b ðxÞ ¼ ^ T GðxÞ
wi
i

ð17Þ

Optimization of c
For ﬁxed w and u, we can minimize the energy F(u, c, w) with
respect to the variable c. The energy F(u, c, w) is rewritten as

For the multi-channel image I(x), we deﬁne
L
X

ð15Þ

j¼1

Fðu; c; w; qÞ ¼

L X
N
X

2
L X
N Z 
X


T
q
¼
Ii ðxÞ−wi GðxÞci; j  u j ðxÞ dx

ð10Þ

i¼1 j¼1

However, the evaluated membership functions take values either
0 or 1 according to the deﬁnition of above energy function. In many
applications, it is preferable to obtain a fuzzy or soft segmentation
result given by fuzzy membership functions, which take values

F i; j ðu; c; w; qÞ

i¼1 j¼1

Ω

ð18Þ

Ω

where
F i; j ðu; c; w; qÞ ¼

Z 


2
T
q
Ii ðxÞ−wi GðxÞci; j  u j ðxÞ dx
Ω

ð19Þ
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where Fi,j(u, c, w) is the energy of j-th tissue in the i-th channel
image.
The minimization of the total energy F(u, c, w) is achieved by
minimizing each energy component Fi,j(u, c, w). We get
∂F i; j ðu; c; w; qÞ
∂ci; j

¼0

ð20Þ

Therefore, the estimated intensity mean of j-th tissue in the i-th
channel image, c^i; j , can be expressed as
Z
c^i; j ¼

q

ΩZ

bi ðxÞI i ðxÞu j ðxÞdx
2

Ω

ð21Þ

q

bi ðxÞu j ðxÞdx
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^ j ðxÞ in
It can be shown that the j-th tissue membership function u
û is given by
1

r j ðxÞ1−q
^ j ðxÞ ¼
u
N
X
1
r j ðxÞ1−q

ð28Þ

j¼1

^ j ðxÞ in Eq. (28) can be
The optimal membership function u
irregular due to the noise in the image. In this work, we propose to
regularize the functions rj(x), and then compute the membership
functions from the regularized functions ^r j ðxÞ. We use the nonlocal
means ﬁlter to compute the regularized function ^r j ðxÞ as
1
^r j ðxÞ ¼
Y ðxÞ


 


Gρ rðxþÞ−rðyþÞ 2 ð0Þ

Z

−

e

h2

Ω

r j ðyÞdy

ð29Þ

Optimization of u
By ﬁxing c and w, we can solve the following constrained energy
minimization problem:

where ^r j ðxÞ is the component of the regularized vector valued
function ^rðxÞ, Gρ is the 3-D Gauss kernel with standard deviation ρ, Y
(x) is the normalizing factor, and h acts as a ﬁltering parameter

^ ¼ argminð Fðu; c; w; qÞÞ
u

jx j
1
−
Gρ ¼ pﬃﬃﬃﬃﬃﬃﬃﬃﬃ3 e
2
2πρ

ð22Þ

subject to
N
X

u j ðxÞ ¼ 1; and 0≤ u j ðxÞ≤1

ð23Þ

j¼1

It can be shown that the j-th membership function, u
^ j ðxÞ , is
given by
1
L 
 1−q
X

2
Ii ðxÞ−ci; j bi ðxÞ

^ j ðxÞ ¼ N i¼1 L 
u
 1
X X
I ðxÞ−c b ðxÞ2 1−q
i; j i
i
j¼1

ð24Þ

i¼1

The optimizations of c, w and u are performed in an iterative
process for minimizing the energy F(u, c, w, q). In each iteration,
we update each variable with the other two updated in the
previous iteration.

2

2
2
þjyj þjzj
2ρ2

ð30Þ

and

 

2
Gρ rðx þ Þ−rðy þ Þ ð0Þ
Z
N 
 
X

2
¼
Gρ
r j ðx þ lÞ−r j ðy þ lÞ dl



ℝ2

ð31Þ

j¼1

It can be seen from Eq. (31) that the weights are signiﬁcant only if
a Gaussian window around rj(y) is similar to the corresponding
Gaussian window around rj(x). rj(x) is replaced by a weighted
average of rj(y) in Eq. (29).
Given the spatially regularized function ^r j ðxÞ , the ﬁnal
e j ðxÞ of j-th tissue can be expressed as:
membership function u
1

e j ðxÞ ¼
u

^r j ðxÞ1−q
N
X
1
^r j ðxÞ1−q

ð32Þ

j¼1

2.4. Indirect regularization of membership function by nonlocal means
We note that the formulation of energy F(u, c, w) does not have a
mechanism to overcome the inﬂuence of MR image noise. In the
following subsection, we will describe a strategy to perform the
noise reduction.
The nonlocal means (NL-means) ﬁlter [33] is introduced in our
method to indirectly regularize membership functions in order to
overcome the inﬂuence of noise.
We deﬁne a vector valued function r(x) as
T

rðxÞ≜ðr 1 ðxÞ; ⋯; r N ðxÞÞ

ð25Þ

with components
L 

X

2
T
r j ðxÞ≜ Ii ðxÞ−wi GðxÞci; j 

ð26Þ

i¼1

The energy function F(u, c, w) can be expressed as a function of
the above vector valued function r(x)
F ðu; c; wÞ ¼

Z X
N
Ω j¼1

q

r j ðxÞu j ðxÞdx

ð27Þ

3. Results and discussions
The proposed method has been tested on the multi-channel
images from the MICCAI 2008 MS Lesion Segmentation Challenge
[34]. There are 20 training cases which were provided with two
sets of manual segmentation from different experts. For all cases,
the database contained the same number of high resolution
images: T1W, T2W, and FLAIR. The manual segmentations can be
viewed as ground truth (GT) to evaluate the automatic lesion
segmentation method. Moreover, using more than one set of
manual segmentation is very important for evaluating automatic
lesion segmentation, since the manual segmentation by different
experts shows a large inter-rater variability. In addition, the
databases used in the MICCAI 2008 MS Lesion Segmentation
Challenge were acquired separately by the Children's Hospital
Boston (CHB) and the University of North Carolina (UNC). Ten CHB
cases were imaged with 1.5T scanners, whereas the remaining 10
UNC scans were acquired in 3.0T MRI machines.
The T2W and FLAIR images have been rigidly registered to the
corresponding T1W images in the image preprocessing step. The
fuzziﬁer of the energy function q is set to 1.5, which is the default
value of the parameter in this work.

1062

J. Gao et al. / Magnetic Resonance Imaging 32 (2014) 1058–1066

Fig. 1. An example of lesion and normal tissue segmentation by the proposed method. The T1W, T2W, FLAIR images, and the segmentation result are shown from left to right.

3.1. Experimental results
We ﬁrst show an example of MS lesion and normal tissue
segmentation by the proposed method in Fig. 1. The T1W, T2W,
FLAIR images, and the segmentation result are shown from left to
right. Speciﬁcally, the red areas in the fourth column are the lesion
segmentation results from our method.
We note that the normal tissue segmentation obtained by our
method is not sufﬁciently accurate, as the contrast between WM and
GM in FLAIR images is very low. However, the errors in the normal

tissue segmentation do not affect the satisfactory segmentation for
MS lesions.
For the sake of comparison, the manual segmentations from
two radiologists for four cases are shown in Fig. 2. The FLAIR
images, the segmentation results from our method, the ﬁrst and
the second manual segmentations are shown in column 1, 2, 3
and 4, respectively. The red areas in the second column are still
the lesion segmentation results from our method; the blue
areas and the pink areas in the third and the fourth column are
the manual segmentations from the different experts. As shown

Fig. 2. The comparison results from our method and two manual segmentations. The FLAIR images, the segmentation results from our method, the ﬁrst and the second manual
segmentations are shown from column 1, 2, 3 and 4, respectively.

J. Gao et al. / Magnetic Resonance Imaging 32 (2014) 1058–1066
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Fig. 3. The comparison results from our method, Leemput et al.'s method and Shiee et al.'s method. The FLAIR images, the segmentation results from our method, Leemput et al.'s
method and Shiee et al.'s method are shown from column 1, 2, 3 and 4, respectively.

in this ﬁgure, the lesion segmentation results from our method
are more accurate than the manual segmentations by the
expert radiologists.

b
0.8

0.8

0.7

0.7

Test of DC
based on second rater

Test of DC
based on first rater

a

We further compared our method with two well known lesion
segmentation methods proposed by Leemput et al. [35] and Shiee et
al. [7]. The comparison results for some cases are shown in Fig. 3. The

0.6
0.5
0.4
0.3
0.2

0.6
0.5
0.4
0.3
0.2
0.1

0.1
Our method

Method by Leemput Method by Shiee

Our method

Method by Leemput Method by Shiee

Fig. 4. The comparison of DC value based on two sets of manual segmentation. (a). The comparison of DC value based on the manual segmentation from the ﬁrst rater; (b). The
comparison of DC value based on the manual segmentation from the second rater.
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Leemput et al.'s method is implemented by MATLAB functions,
which is an add-on to the freely distributed SPM-package. The Shiee
et al.'s method is performed by the lesion-TOADS released as plugins for the MIPAV software package. The FLAIR images, the
segmentation results from our method, Leemput et al.'s method
and Shiee et al.'s method are shown in column 1, 2, 3 and 4,
respectively. In this ﬁgure, the green areas and yellow areas in the
third and the fourth column are the segmentation results from
Leemput et al.'s method and Shiee et al.'s method. It can be seen from
this ﬁgure that our method has better performance than the two
baseline methods.
3.2. Quantitative evaluation
We ﬁrst use Dice's coefﬁcient (DC) to measure the similarity of
automatic segmentation results and ground truth. For two regions S1
and S2, Dice's coefﬁcient is deﬁned as twice the shared information
(intersection) over the sum of cardinalities, and calculated based on
the similarity of lesion regions [36,37]

DC ¼

2jS1 ∩S2 j
jS 1 j þ jS 2 j

ð33Þ

The DC values between the results obtained by the three
methods and the two manual segmentations are shown in Fig. 4.
The comparisons between our method and the two baseline
methods based on the ﬁrst and the second set of manual
segmentation are shown in Fig. 4(a) and (b), respectively. It can
be seen from this ﬁgure that the DC value of our method is higher
than those of either the Leemput et al.'s method or the Shiee
et al.'s method for both manual segmentations. Thus, our method
has better performance than the two baseline methods in terms
of DC value.
The speciﬁcity [38] indicates the ability of the segmentation to
identify negative results. The fewer the number of false positives (FP),
the greater value the speciﬁcity of the segmentation. It is deﬁned as
Specificity ¼

TN
TN þ FP

ð34Þ

where TN is true negative, which is the number of voxels marked as
non-MS in both sets, and FP is the false positive, which is the number
of voxels only appeared in automatic segmentation.




TN ¼ Ref ∩Seg

ð35Þ

FP ¼ jSeg−Ref j

ð36Þ

False negative rate (FNR) is the percentage of overestimation (POE)
for the results from our method to the manual segmentations. The
smaller the FNR value, the more similar the resemblance of automatic
segmentation results to the manual segmentations. It is deﬁned as:
FNR ¼

FP
TN þ FP

DC
Speciﬁcity
FNR
VD

Ground truth Rater 1

Rater 2

All database

Speciﬁcity FNR [%] VD [%]

Speciﬁcity FNR [%] VD [%]

Case
Case
Case
Case
Case
Case
Case
Case
Case
Case
Case
Case
Case
Case
Case
Case
Case
Case
Case
Case

0.9907
0.9993
0.9992
0.9992
0.9975
0.9964
0.9986
0.9973
0.9984
0.9989
0.9987
0.9989
0.9987
0.9986
0.9999
0.9984
0.9983
0.9996
0.9994
0.9985

0.9807
0.9893
0.9892
0.9892
0.9875
0.9864
0.9886
0.9873
0.9884
0.9889
0.9984
0.9987
0.9989
0.9991
0.9999
0.9974
0.9983
0.9997
0.9997
0.9989

01
02
03
04
05
06
07
08
09
10
11
12
13
14
15
16
17
18
19
20

0.1135
0.0748
0.0845
0.0812
0.2526
0.3559
0.1379
0.2693
0.1550
0.1135
0.1345
0.1119
0.1258
0.1384
0.0125
0.1604
0.1687
0.0385
0.0553
0.1518

72.4035
20.2244
26.2230
21.5576
40.8066
37.4234
22.0240
25.3970
31.8845
38.0539
226.7548
34.9856
151.7606
82.1644
166.6667
50.4961
274.6231
138.5135
332.5792
207.1048

0.0535
0.0948
0.1045
0.1012
0.2726
0.3759
0.1579
0.2893
0.1750
0.1335
0.1582
0.1276
0.1109
0.0948
0.0075
0.2564
0.1703
0.0345
0.0315
0.1140

69.3340
17.1549
23.1535
18.4881
37.7371
34.3539
18.9545
22.3275
28.8150
34.9844
50.0613
65.6684
44.6996
41.3029
18.3074
139.5128
77.7605
37.3813
23.0430
74.3306

Volume difference (VD) evaluates the differences between the
automatic segmentation (Seg) and ground truth (GT) by computing
their volume (Vol). It is deﬁned as:
VD ¼

VolðSegÞ−VolðGT Þ
VolðGT Þ

ð38Þ

For lesion segmentation, the manual segmentation is used as GT
to evaluate the VD value. Even though the manual segmentations
cannot be considered to be 100% ground truth, they are still a good
way of comparing the automatic lesion segmentation. A smaller VD
value suggests a better automatic segmentation result.
The deﬁnitions and evaluation criteria of these indexes are
summarized in Table 1.
We tested speciﬁcity, false negative rate and volume difference
for the 20 sets of multi-channel MR images. The results of these
indexes are listed in Table 2. It can be seen that the speciﬁcity value
of our method to the 20 cases approaches 1 for both sets of manual
segmentation. Thus, our method has a very low false positive rate.
Furthermore, our method also has a very low FNR value. Therefore,
the lesion segmentation results from our method are similar to the
manual segmentations for most of cases. Finally, it can be seen from
the table that our method also has a very low VD value for the two
sets of manual segmentation.
In order to further compare with the two sets of manual
segmentation and two baseline methods, we randomly choose 60
slices from the 20 cases, and invite a radiologist to evaluate our
segmentation results by giving a performance score for each slice.
The meaning of score, such as 2, 1, 0, − 1, − 2, is given in Table 3.
Fig. 5 shows the performance comparison between our method, two

ð37Þ
Table 3
The meaning of score.

Table 1
The deﬁnitions and evaluation criteria of four metrics for evaluation.
The metrics

Table 2
The detail index of our method with two sets of manual segmentation, including
speciﬁcity, FNR and VD.

Deﬁnition
2jS1 ∩S2 j
jS1 jþjS2 j
TN
TNþFP
FP
TNþFP
VolðSeg Þ−VolðGT Þ
VolðGT Þ

Best

Worst

1
1

0
0

0

1

0

b∞

The score

The signiﬁcation of score

−2
−1
0
+1
+2

much worse
worse
similar
better
much better
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a
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b

30
30
25
20

25
20

15

15

10

10

5

5

score=−2 score=−1 score=0 score=1 score=2
The comparison of performances between
our method and the manual segmention by first rater

c
25
20
15

score=−2score=−1 score=0 score=1 score=2
The comparison of performances between
our method and the manual segmention by second rater

d
25
20
15

10

10

5

5

score=−2 score=−1 score=0 score=1 score=2
The comparison of performances between
our method and the segmentation method of Leemput

score=−2 score=−1 score=0 score=1 score=2
The comparison of performances between
our method and the segmentation method of Shiee

Fig. 5. The score of our method comparing with the two sets of manual segmentation, Leemput et al.'s method and Shiee et al.'s method, respectively. (a). The score of our method
comparing with the manual segmentation acquired by the ﬁrst rater; (b). The score of our method comparing with the manual segmentation acquired by the second rater; (c).
The score of our method comparing with the Leemput et al.'s method. (d). The score of our method comparing with the Shiee et al.'s method.

sets of manual segmentation and two baseline algorithms, respectively. According to the evaluation of radiologist, our method has
better performance than either the two manual segmentations or the
baseline methods, as can be seen in this ﬁgure.
4. Conclusion
In this paper, we have presented a new method for MS lesion
segmentation from multi-channel MR images. The proposed method
ﬁrst performs the preliminary segmentation of MS lesions and
estimation of bias ﬁeld in an energy minimization framework, and
then it introduces a nonlocal means technique to achieve spatially
regularized segmentation. Quantitative evaluation and comparison
with two well known methods have demonstrated the superior
performance of our method in terms of segmentation accuracy.
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