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Abstract. The study of white matter (WM), grey matter (GM) and cerebrospinal
fluid (CSF) regions in the brain magnetic resonance (MR) images can be useful for
determining different brain disorders, assisting brain surgery, post-surgical analy-
sis, saliency detection and for studying regions of interest. In this paper, a novel
hybrid region-based multiphase (four-phase) active contours method is proposed to
partition a brain MR image into three distinct regions i.e., GM, WM and CSF. The
proposed energy functional is formulated by combining local and global fitted im-
ages in a multiplicative fashion. Both fitted images are defined by integrating two-
phase global and local intensity from Chan-Vese (CV) and local binary fitted (LBF)
models, respectively. In this paper, a post processing (pixel correction) method is
also devised which improves the accuracy of the segmented WM, GM and CSF
regions in a brain MR image. Different thresholds are decided based on averages
of all three regions. According to the computed thresholds, a binary value (0 or
1) is then assigned to each pixel. Experimental results using both two-dimensional
(2D) and three-dimensional (3D) brain MR images show that the proposed method
outperforms the state-of-the-art both qualitatively and quantitatively.

Keywords. Active contours, multiphase, local and global fitted images, brain
segmentation, pixel correction, thresholding.

1. Introduction

Brain MR imaging is a widely used imaging technology to study the brain anatomy and
function. Segmentation of brain MR images into different disjoint regions: grey matter
(GM), white matter (WM) and cerebrospinal fluid (CSF) can help physicians and doc-
tors to carefully analyse head injuries, stroke, brain tumours and other brain diseases
[1]. Aphasia in stroke patients may result from both WM and GM damage. Numerous
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speech therapies can help to treat such patients. However, it is very import to carefully
analyse the change after each therapy session to decide if this therapy is effective or not.
Therefore, a proper visual analysis of WM and GM region is critical for such cases [2].

Due to the geometric complexity of the human brain cortex, manual slice-by-slice
segmentation is cumbersome and time consuming. Numerous methods have been devised
to segment the brain into different non-overlapping regions [3]. In particular, the active
contour method introduced in [4] is widely-used for medical image segmentation. In this
method, a curve evolves towards the boundaries of the objects of interest under a certain
force field by minimizing the curve’s intrinsic energy.

A traditional region-based active contour method [5] is defined under the assumption
that the target image is homogeneous. Therefore, it cannot properly segment images with
intensity inhomogeneous regions. A region-based active contour method was proposed in
the context of intensity inhomogeneous image segmentation [6]. It computes the image
intensity mean over a local neighbourhood by using a Gaussian kernel.

Alternatively, a region-based active contour method for brain MR image segmenta-
tion was proposed in [7]. That method applies a locally-computed active contour method
based on a signed pressure force (SPF) function in order to segment the brain into WM
and GM regions. Since it is a two-phase active contour method, it can only segment the
input images into two disjoint regions.

A multiphase level set framework (MLSF) using n level sets was proposed to seg-
ment a given image into 2n phases (regions) [8]. It was developed under the assumption
that the input image must have homogeneous intensity regions. Therefore, it does not
properly work on images that contain inhomogeneous regions.

A variational level set approach for bias correction and segmentation (VLSBCS)
of images corrupted with intensity inhomogeneities was proposed by Li et al. in [9].
The computed bias field is intrinsically ensured to be smooth by the data term in the
variational formulation, without any additional effect to maintain the smoothness of the
bias field. In this work, the two-phase model is also extended to a four-phase approach.

A local statistical active contour model (LSACM) for image segmentation in the
presence of intensity inhomogeneity was proposed by Zhang et al. in [10]. In this method,
inhomogeneous objects are modelled as Gaussian distributions of different means and
variances. In this work, four-phase energy functional is also formulated along with a
two-phase model. Therefore, it is suitable to segment brain MR images into the desired
regions of interest i.e., WM, GM and CSF.

A hybrid region-based active contours driven by local and global fitted image mod-
els (LGFIM) was proposed in the context of intensity inhomogeneity [11]. Local and
global intensity information were used to both correct and segment the inhomogeneous
regions. Two SPF functions i.e., local and global were also devised to stabilize the gra-
dient descent solution.

In this paper, a four-phase hybrid region-based active contour method is proposed to
segment brain MR images into three regions of interests i.e., WM, GM and CSF. There
are three main contributions of this work. First, a hybrid region-based multiphase ac-
tive contour model is proposed by integrating local and global fitted images in a multi-
plicative manner. The proposed method combines two different two-phase fitted images
to formulate a four-phase model, which has not been exploited before. Second, a post-
processing (pixel correction) method is also devised to increase the segmentation accu-
racy of the regions of interest (WM, GM and CSF regions). Local active contour methods
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are very sensitive to the initial position of the contour. Lastly, the proposed method uses
fitted images based on both local and global intensity means, thus not being sensitive to
the initial position of the contour.

2. Proposed method

A local image fitting energy functional is proposed by [12] in which the difference be-
tween the fitted image and the original image is minimized. In this paper, a novel mul-
tiphase (four-phase) image segmentation method is proposed to partition a brain MR
image into three distinct regions using an image fitting energy functional. A four-phase
active contours partition an image into four regions. However, the fourth region is dis-
carded, since it contains unnecessary background information. The proposed four-phase
fitted image (FFI) energy functional EFFI is based on the product of two different two-
phase fitted image differences to minimize the error, which is defined as follows:

EFFI = Eprop(Φ)+µ

∫
Ω

|∇Hε(φi)|dx+ v
∫
Ω

Hε(φi)dx, (1)

where Φ is the function which represents two level sets (φ1,φ2), φi is an ith level set curve
and i = 1,2. µ ≥ 0, v≥ 0 are fixed parameters. Eprop is the proposed four-phase energy
functional. In (1), second and third terms are called length and area terms, respectively.
The length term regularizes the curve and the area term smoothes the object to speed up
the curve evolution.

Let I : Ω→ R2 be the input image, IGFI(x) the global fitted image for the level set
φ1 and ILFI(x) the local fitted image for the level set φ2. An energy functional for the
proposed four-phase fitted image segmentation model Eprop can then be defined as:

Eprop(Φ) =
1
2

∫
Ω

(
I(x)− IGFI(x)

)(
I(x)− ILFI(x)

)
dx, x ∈Ω (2)

where IGFI(x) and ILFI(x) are two-phase global and local fitted images for φ1 and φ2,
respectively, which are defined as:

IGFI(x) = m1M1(φ1(x))+m2M2(φ1(x)), (3)

ILFI(x) = f1M1(φ2(x))+ f2M2(φ2(x)), (4)

where M1(φ1) = Hε(φ1), M2(φ1) = 1−Hε(φ1), M1(φ2) = Hε(φ2) and M2(φ2) = 1−
Hε(φ2) are characteristic terms defined for both level sets (φ1 and φ2) and Hε(φ) is the
regularized version of the Heaviside function as defined:
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Hε(φ) =
1
2
+

1
π

arctan
(

φ

ε

)
, (5)

In (3) and (4), (m1, m2) and ( f1, f2) are global and local intensity means for level
sets φ1 and φ2, respectively, which are defined as below:

mi =

∫
Ω

I(x)Mi(φ)dx∫
Ω

Mi(φ)dx
, (6)

fi(x) =
Kσ ∗

[
I(x)Mi(φ)

]
Kσ ∗Mi(φ)

, (7)

By using the calculus of variations and the steepest gradient descent [13], Eprop in
(2) is minimized with respect to φ1 and φ2, leading to the corresponding gradient descent
flows:

∂φ1

∂ t
=
(
I(x)− ILFI(x)

)
(m1−m2)δε(φ1), (8)

∂φ2

∂ t
=
(
I(x)− IGFI(x)

)
( f1− f2)δε(φ2), (9)

where δε(φ) is the regularized Dirac function, which is defined as:

δε(φ) =
ε

π(φ 2 + ε2)
, (10)

By using calculus of variations and applying steepest gradient descent [13], EFFI
in (1) is minimized with respect to φ1 and φ2 are following gradient descent flows are
obtained:

∂φ1

∂ t
=

((
I(x)− ILFI(x)

)
(m1−m2)+µ div

(
∇φ1

|∇φ1|

)
− v
)

δε(φ1), (11)

∂φ2

∂ t
=

((
I(x)− IGFI(x)

)
( f1− f2)+µ div

(
∇φ2

|∇φ2|

)
− v
)

δε(φ2), (12)

A signed distance function (SDF) defined below is used for the initialization of the
level set functions:
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φi(x, t = 0) =

−ρ, x ∈Ωi−∂Ωi
0, x ∈ ∂Ωi
ρ, x ∈Ω−Ωi

(13)

where ρ > 0 is a constant (ρ = 1 in this work). In (13), t = 0 and i = 1,2 define the initial
conditions of both level set functions. Ωi is the inner region of the initial level set φi, Ω

is the image domain and ∂Ωi is the boundary of level set φi.
After evolving the level set functions using (11) and (12), they are regularized by us-

ing φ k
i = Gχ ∗φ k

i , where i = 1,2 represents the number of level sets and k is the iteration
number during the curve evolution. The regularization mentioned above not only regu-
larizes the level set functions, but also eliminates the need for re-initialization, which is
computationally very expensive. Here, χ is the standard deviation of the Gaussian kernel
used in the regularization process.
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Figure 1. Four-phase segmentation comparison using a 2D brain MR image. (a) Initial contour, (b) MLSF, (c)
VLSBCS, (d) LSACM, and (e) Proposed method.

Figure 1 shows the final four-phase segmentation result using the proposed and state-
of-the-art methods. The proposed method segmented regions with more details, hence
yielding better segmentation results.

3. Pixel correction

In this section, a thresholding-based post processing (pixel correction) method is pro-
posed to improve the accuracy of the segmented WM, GM and CSF regions in a brain
MR image. The segmentation results obtained from the proposed four-phase active con-
tours are modified according to a pixel correction algorithm based on simple threshold-
ing. The WM, GM and CSF binary regions computed in the previous stage are inter-
sected with the input grey-level image to compute the intensity average of their non-zero
pixels. These averages are then used to define a set of thresholds. If N is the number of
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rows and columns (N = 250 in this work), the intensity means corresponding to the three
regions of interest are respectively defined as:

WM =

N
∑

x=1

N
∑

y=1
I(x,y)WM(x,y)

N
∑

x=1

N
∑

y=1
WM(x,y)

, I(x,y) 6= 0 (14)

GM =

N
∑

x=1

N
∑

y=1
I(x,y)GM(x,y)

N
∑

x=1

N
∑

y=1
GM(x,y)

, I(x,y) 6= 0 (15)

CSF =

N
∑

x=1

N
∑

y=1
I(x,y)CSF(x,y)

N
∑

x=1

N
∑

y=1
CSF(x,y)

, I(x,y) 6= 0 (16)

Different thresholds are decided by using the computed averages WM, GM and CSF
to construct new binary images for the WM, GM and CSF regions. Based on the decided
bounds of the threshold, each pixel is assigned a binary value (0 or 1). The binary images
corresponding to the regions of interest are finally defined as:

WM(x,y) =
{

1, WM
2 +128 > I(x,y)≥ WM+GM

2
0, Otherwise

(17)

GM(x,y) =
{

1, WM+GM
2 > I(x,y)≥ GM+CSF

2
0, Otherwise

(18)

CSF(x,y) =
{

1, GM+CSF
2 > I(x,y)≥ CSF

2
0, Otherwise

(19)

4. Quantitative analysis and results

In this section, 2D and 3D segmentation results of the proposed method are shown and
compared with the state-of-the-art multiphase active contour methods. The Jaccard in-
dex (JI) [14], the Dice similarity coefficient (DSC) [15] and the Matthew’s correlation
coefficient (MCC) [16] are similarity metrics frequently used in set comparison. In this
section, we used these similarity metrics for the quantitative analysis for both 2D and 3D
segmentation analysis.
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Table 1. Segmentation accuracy of the WM, GM and CSF regions with the tested methods using 2D slices.

Regions Methods JI DSC MCC

WM

MLSF 92.52 ± 0.92 95.80± 0.67 95.21± 0.65
VLSBCS 84.88± 1.72 90.69± 1.23 89.84± 1.21
LSACM 83.62 ± 1.30 90.46 ± 0.89 89.03 ± 0.95
Proposed 91.97 ± 0.45 95.76 ± 0.25 95.06 ± 0.26

GM

MLSF 85.84 ± 1.96 90.34± 1.97 89.08± 1.94
VLSBCS 73.22± 2.19 82.10 ± 1.95 79.21± 2
LSACM 75.43 ± 1.43 84.99 ± 1.26 82.33 ± 1.40
Proposed 90.50 ± 0.23 95.00 ± 0.13 93.67 ± 0.16

CSF

MLSF 64.71 ± 0.93 78.16 ± 0.74 78.97 ± 0.68
VLSBCS 56.73± 0.81 72.05 ± 0.67 71.15 ± 0.59
LSACM 59.66 ± 1.75 72.86 ± 1.74 72.54 ± 1.55
Proposed 82.69± 0.48 90.45± 0.30 89.82± 0.32

Table 2. Segmentation accuracy of the WM, GM and CSF regions with the tested methods using 2D slices
after applying pixel correction.

Regions Methods JI DSC MCC

WM

MLSF 94.14 ± 0.85 96.71 ± 0.63 96.21 ± 0.61
VLSBCS 92.22 ± 1.01 95.58 ± 0.72 95.03 ± 0.69
LSACM 94.32 ± 0.74 96.88 ± 0.52 96.38 ± 0.52
Proposed 94.59 ± 0.14 97.22 ± 0.07 96.64 ± 0.08

GM

MLSF 91.71 ± 1.20 94.97 ± 1.14 94.20 ± 1.06
VLSBCS 89.43 ± 1.26 93.73 ± 1.05 92.85 ± 0.96
LSACM 88.71 ± 1.39 93.07 ± 1.30 92.18 ± 1.18
Proposed 93.41 ± 0.09 96.59 ± 0.05 95.69 ± 0.06

CSF

MLSF 81.52 ± 0.38 89.77 ± 0.24 89.60 ± 0.22
VLSBCS 83.75 ± 0.30 91.13 ± 0.18 90.79 ± 0.17
LSACM 83.66 ± 0.78 90.81 ± 0.71 90.48 ± 0.67
Proposed 84.71 ± 0.26 91.70 ± 0.15 91.38 ± 0.15

4.1. Two dimensional image segmentation

4.1.1. Data and selection of parameters

In this section, 2D segmentation results are shown using the proposed method. Moreover,
segmentation results of the WM, GM and CSF regions are compared with the state-of-
the-art method quantitatively. The proposed method was implemented using MATLAB
and run on a 3.4 GHz Intel Core-i7 with 16 GB of RAM, testing it on a real brain
magnetic resonance (MR) images of 250×250 pixels with 256 grey levels (8bpp) [17].
The parameters used in all experiments in this section are: µ = 25, v = 175, σ = 3,
χ = 0.5, ε = 1 and time step τ = 0.001.

4.1.2. Results

For 2D experiments, 100 2D slices from 20 patients (brain anatomical models) are used
i.e., 5 slices (slice number 150, 175, 200, 225 and 250) for each patient. Table 1 shows a
segmentation accuracy comparison of the WM, GM and CSF regions among the evalu-
ated methods using the similarity metrics before applying the pixel correction algorithm.
Both the mean and standard deviation (mean error) of the evaluated metrics are consid-
ered for all three brain regions, i.e., WM, GM and CSF. For the WM region, the MLSF
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method yields the highest values for all similarity metrics. For this region, the proposed
method has a JI of 91.97%, DSC of 95.76% and MCC of 95.06%, which is 0.55%, 0.04%
and 0.15% less than the respective values computed by the MLSF method. In turn, the
proposed method yields the best results for all similarity metrics for both GM and CSF
regions.

Table 2 shows a segmentation accuracy comparison of the WM, GM and CSF re-
gions among the evaluated methods using the similarity metrics after applying the pixel
correction algorithm. It shows that the proposed method yields the best values for all
similarity metrics among the evaluated methods for all regions of the interest i.e., WM,
GM and CSF regions.

4.2. Volumetric data segmentation using 3D brain models

4.2.1. Data and selection of parameters

In this section, segmentation results of the proposed method and the state-of-the-art are
compared using 20 brain MR anatomical models [17]. In all images, the range of inten-
sities is represented from 0 to 255 grey levels, while the size in voxels (length×width×
height) is (250× 250× 362). The parameters of the proposed method are the same as
those given in section 4.1.

4.2.2. Results

Table 3 shows that after applying pixel correction, the proposed method improves the
results of the similarity metrics (JI, DSC and MCC) by 9.42%, 5.51% and 5.8% for the
WM region, 9.5%, 5.66% and 6.64% for the GM region and 7.37%, 4.88% and 5.26%
for the CSF region, respectively.

Table 3. 3D segmentation accuracy of the WM, GM and CSF regions before and after pixel correction.

Regions
Similarity

metrics
Proposed method without

pixel correction
Proposed method with

pixel correction

WM
JI 81.35 ± 1.07 90.77 ± 0.28

DSC 89.65 ± 0.89 95.16 ± 0.23
MCC 88.94 ± 0.85 94.74 ± 0.22

GM
JI 81.31 ± 1.37 90.81 ± 0.35

DSC 89.51 ± 1.16 95.17 ± 0.30
MCC 87.78 ± 1.11 94.42 ± 0.27

CSF
JI 77.09 ± 0.39 84.46 ± 0.26

DSC 86.68 ± 0.32 91.56 ± 0.22
MCC 85.99 ± 0.30 91.25 ± 0.21

CPU time (s) 2.87 ×103 2.88×103

Figure 2 shows the segmented WM, GM and CSF regions of the brain MR volumet-
ric data using different state-of-the art methods before and after applying the pixel cor-
rection algorithm. WM1, GM2 and CSF1 refer to the segmented regions before applying
pixel correction. In turn, WM2, GM2 and CSF2 are the segmented regions obtained af-
ter applying pixel correction. Visually, it can be seen that the pixel correction algorithm
significantly improves the segmentation results of all methods. Therefore, the proposed
pixel correction method can be used in computer aided diagnosis (CAD) systems of brain
MR images to improve the end results.
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WM1 GM1 CSF1 WM2 GM2 CSF2

Figure 2. Comparison of volumetric segmentation results of WM, GM and CSF regions. Segmentation re-
sults using MLSF (first row), VLSBCS (second row), LSACM (third row) and proposed method (last row),
respectively.

5. Conclusions and future work

Segmenting brain MR image into three different disjoint regions i.e., WM, GM and CSF
is beneficial from various medical and psychological perspectives. In this paper, a four-
phase active contour method is proposed to segment brain MR images into the WM, GM
and CSF regions. The idea is to formulate a squared difference for the four-phase model
by multiplying two different two-phase differences from the different level sets, which
helps to reduce the mathematical complexity of the model. Moreover, a post processing
(pixel correction) method is used, which improves the accuracy of the segmented regions
significantly. The results show that the developed pixel correction algorithm works prop-
erly for all state-of-the-art methods that have been evaluated. Therefore, it can be used
to improve the segmentation results of the WM, GM and CSF regions from all intensity-
based methods. The proposed method yields better segmentation accuracy both qualita-
tively and quantitatively than the state-of-the-art methods for both 2D and 3D (volumet-
ric data) images.
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