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Abstract

Fuzzy C-means (FCM) algorithm is a most usually technique for medical image segmentation.
But conventional FCM fails to perform well enough on magnetic resonance imaging (MRI)
data with the noise and intensity inhomogeneity (IIH). In the paper, we propose a Gamma
correction conditional FCM algorithm with spatial information (GcsFCM) to solve this
problem. Firstly, the pre-processing, Gamma correction, is introduced to enhance the details of
images. Secondly, the spatial information is introduced to reduce the effect of noise. Then we
introduce the effective neighborhood mechanism into the local space information to improve
the robustness for the noise and inhomogeneity. And the mechanism describes the degree of
participation in generating local membership values and building clusters. Finally, the
adjustment mechanism and the spatial information are combined into the weighted
membership function. Experimental results on four image volumes with noise and II1H indicate
that the proposed GesFCM algorithm is more effective and robust to noise and IIH than the
FCM, sFCM and csFCM algorithms.
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1. Introduction

The main purpose of image segmentation is to split the image into the homogeneous

connected areas of internal consistency according to the similar characteristics (such as gray,
color and texture). Thereby the region of interest (ROI) is extracted from the complex
background area for target recognition. However, manual segmentation often depends on the
Doctor's knowledge and experience, which increases the possibility of errors. The defects in
brain MR images, such as noise, intensity inhomogeneity(l1H), partial volume effect of brain
tissue and low contrast, make the MRI brain image segmentation process more challenging.
Therefore, computer-assisted segmentation is critical. In the past, a number of medical image
segmentation algorithms based on threshold, region, edge and clustering have been proposed.
Among them, the clustering segmentations are most frequently used [1-4].

In the clustering segmentation methods, the pixels in the image space are clustered in the
corresponding feature space, then they are mapped back to the original image space to obtain
split results. And FCM is commonly used among the clustering algorithms [5-8]. It has fuzzy
nature that one pixel can belong to multiple clusters, which can lead to better performance than
hard clustering methods. The unsupervised FCM algorithm can reduce the human intervention,
which is more suitable for the images with the characteristics of uncertainty and fuzziness. But
it is too sensitive to the initial parameters, and sometimes requires the initialization of the
artificial intervention parameters to approach the global optimal solution and improve the
segmentation speed. In addition, the traditional FCM algorithm does not take into account the
spatial information, so that it is very sensitive to noise and IIH. To solve these problems, a lot
of improved fuzzy clustering algorithms have been proposed.

In order to overcome the effect of noise, Yang et al. [9] proposed the penalized FCM
(PFCM) algorithm that introduced the neighborhood information penalty term in the objective
function of FCM. It effectively reduces the influence of noise in the segmentation process, but
it has no effect on the IIH. Chen and Zhang [10] used the mean filtering and median filtering in
FCM, respectively. Based on FCM with mean filtering, Szilagyi et al. [11] introduced the
grayscale histogram to achieve the rapid image segmentation. However, either median
filtering or mean filtering inevitably blurs edge information of the image, which results in
decreasing the segmentation accuracy. Chuang et al. [12] used spatial information to update
the membership function twice in the FCM algorithm because the neighborhood pixel had the
same attributes as the central pixel. The objective function did not change in space FCM
(sFCM), which has advantages for the noise. Ji et al. [13] introduced a new approach to use the
spatial information in FCM. In this method, image patches are considered instead of just pixels,
which add additional information to the data. The noise is handled effectively by utilizing the
spatial information, but it increases computational burden. Bai et al. [14] introduced the
nonlocal spatial information and used the spatial shape information of the contour of the image
to refine the local spatial constraint by Markov random field. It is effective to the noise. To
reduce the effect of 1IH, Ahmed et al. [15] proposed a biased field estimation FCM(BCFCM)
algorithm, which achieves the purpose of compensating the intensity inhomogeneity by
introducing the neighborhood normalization term to modify the objective function. Although
this regularization is useful in segmenting images with salt and pepper noise, it introduces
additional complexity.

To solve the effect of noise and IIH, Ji et al. [16] proposed a robust spatially constrained
fuzzy c-means (RSCFCM) algorithm. A novel factor is introduced by considering the spatial
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direction, which is calculated based on the posterior and prior probabilities. The algorithm can
substantially improve the accuracy of brain MR image segmentation. Adhikari et al. [17]
proposed the conditional spatial fuzzy C-means (csFCM) algorithm. They constructed the
space constraint regular term which merged into the local space information by the
membership function. And the regular term describes the degree of participation of each pixel
in constructing membership function, which can effectively segment the MRI brain image
with noise and 11H.

For many clinical applications, brain images need to be divided into different tissue types.
However, Jiang et al. [18] proposed a local correntropy space constrained FCM (LCFCM_S)
and its simplified model (LCFCM_S1). The correntropy standard can effectively enhance the
weight of the sample near its clustering center. The algorithm can handle images with noise,
low contrast and IIH, but it cannot segment images with different tissue types.

In conclusion, most of the above-mentioned algorithms are not robust for the segmentation
performance of images with high percentage noise and I1H. And the brain images which often
accompany with narrow topological structures are complex. Some methods cannot segment
brain images with different tissue types. In addition, the algorithms cannot make good use of
the neighborhood information. The classification may be often overlooked the details of the
image, causing many isolated spots and the image edges blurred.

To address these problems, we propose a novel Gamma correction conditional space
FCM(GcsFCM) algorithm in this paper. Firstly, the Gamma correction is used to highlight the
detail information of the noise and IIH images. By enhancing the contrast of the images, we
can effectively deal with blurring of image boundaries due to noise and IIH. And considering
the different importance of the target neighborhood pixels, neighborhood effective mechanism
as an adjustment factor is introduced. Secondly, we introduce it into the local spatial
information. Finally, the local and global spatial information are integrated into the weighted
membership function. The experiments show that GecsFCM algorithm can effectively segment
MRI brain images with the presence of noise and IIH. In addition, we have also made some
comparisons with several state-of-the-art models to show the superiority of our method.

The remainder of this paper is organized as follows: Section 2 briefly introduces the FCM
algorithm. Section 3 states the detail of the proposed GesFCM algorithm. Section 4 describes
the results and discussion of algorithms for qualitative and quantitative assessment of MRI.
Finally, Section 5 gives a summary and some conclusions.

2. FCM algorithm

FCM algorithm, based on the objective function, is a constrained nonlinear programming
problem [5-8]. It uses the fuzzy membership degree U and non-similar measure d (usually
using Euclidean distance) to construct the objective function and sets the termination
condition to achieve the fuzzy segmentation of the image. For the image X = {Xy, Xz, ..., Xn} tO
be segmented, the membership function py and the clustering center v; are updated by
minimizing the objective function, which can be expressed as:
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where N is the number of pixels, C is the number of clusters, m is the fuzzy factor, v; is the
clustering center of the i" cluster, and py is the fuzzy membership of the pixel x, belonging to
the i cluster. And it satisfies the constraint:

C
Zizl pik :1’OS pik <17k:1121---1N (2)

The loss function in Eq. (1) can be minimized by lagrangian multiplier method. And the
membership function and the clustering center are updated as follows:
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We summarize the FCM algorithm as pseudocode snippet, which is shown in Table 1.

Table 1. An image segmentation of FCM scheme pseudocode

1. Input: Image-I
2. Output: Segmented Image-class Il

3. Acquire: the values of the number of clusters C, the degree of fuzziness m, the error e and the
value of objective function J©.

4. Initialize randomly the centres of clusters v

1
1=0
Begin:
I=1+1
Calculate the membership degrees pi(J_l) using Eq. (3)

© N o v

©

Update the centers of classes (1) using Eq. (4)

10. Calculate the value of objective function J using Eq. (1)

11. 1f [3'-3"<e Then
Break
End if
12. End
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3. The proposed GcsFCM algorithm

Image segmentation divides the image into different areas according to the pixel grayscale
feature [19][20]. In the MRI images, especially with a lot of noise and intensity inhomogeneity,
some details of the image would be lost and the information of tissue edges would be blurred.
Therefore, the Gamma correction is firstly introduced in this study, which can obviously
enhance the medical images of the detail and edge information. And it has advantage of
highlighting the image contrast, which can improve the segmentation accuracy.

Just considering the pixel gray information is not enough. And the likelihood that the
neighboring pixels and center pixel in the brain image belong to the same class is very large.
We have introduced local space information in FCM algorithm. Moreover, the influence of the
different pixels to the fuzzy membership degree of the target pixel must be taken into account.
Therefore, an effective neighborhood mechanism is introduced to preserve connectivity of the
same class and boundary information of different categories. The flow chart of the proposed
GcsFCM is shown in Fig. 1. For the formulas involved in the figure, the calculation method is
given in detail in sections 3.1 and 3.2.
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Fig. 1. The flow chart of GesFCM algorithm. The acquired image is preprocessed by Gamma correction
and then segmented by the conditional spatial FCM algorithm.

3.1 The pre-processing of gamma correction

Recently, researchers have proposed many image enhancement methods [21][22][23], such as
histogram equalization method [24][25], gray scale linear transformation [26][27] and
smoothing and sharpening [28]. The histogram equalization method can improve the image
quality, but it often brings some discontinuous patches into the image. The linear
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transformation is not complicated, but it cannot improve the accuracy of the image
segmentation. The preprocessing of smoothing and sharpening can make the details of the
image loss or excessively highlight the noise information, which affects the final experimental
results. In contrast, Gamma correction which detects the dark part and light-colored part in the
image signal and edits the image’s Gamma curve is a pixel-based nonlinear transformation,
hence the image contrast is enhanced. Gamma correction will not bring the discontinuity of the
plague, which does not need to consider the problem of gray inhomogeneity. The image pixel
value is corrected to show some advantages in image enhancement [29]. So we preprocess the
image by Gamma enhancement to enhance the contrast of the image and further improve the
experimental results accuracy. The basic form of the Gamma transformation is:

s=cx’ (5)
where ¢ and r are positive constants. Fig. 2 shows the results after Gamma correction. Fig. 2(a)

presents the original images of slice 100 and 90. Fig. 2(b) displays the results after Gamma
correction.

Slice Original Gamma
number images correction

C
C

(@) (b)

Fig. 2. The experimental results after pre-processing

Fig. 2 shows the qualitative results after the Gamma correction of T1-weighted images
(slice 100 and 90) with 9% noise and 40% inhomogeneity. In order to better present the
experimental results, we take the red area as an example to give a larger image. It can be seen
that the contrast of the image has been significantly enhanced and the information of edges and
details has become clear.



4342 Yang Liu etal.: Gamma correction FCM algorithm with conditional spatial information for image segmentation

3.2 The effective neighborhood spatial FCM algorithm

We have incorporated local spatial interaction among adjacent pixels in the fuzzy membership
function. It is helpful to reduce the effect of noise and I1H in the segmentation results of MRI
images. We also introduce the effective neighborhood mechanism, assuming a corresponding
effective neighborhood function value fy, f,, ..., fy for all the pixels xy, X,, ..., Xn. The fi (i = 1,
2, ..., N) defines the participation degree of the pixel x; in the final constructed clustering
membership value, which can improve the classification accuracy. The effective
neighborhood function f is constructed as follows.

Considering that W is a movable pixel window, the larger scale will make the edges smooth,
resulting in higher pixel classification errors [11][30]. In this study, we choose W = 3 x 3,
which contains n pixels. x; is the center pixel and the average value of the pixel in the window
is:

1
A highly similar pixel area in the neighborhood is defined as:
1 (X T):{xj eW||C(xi)—C(xj)||sT;j¢i} (7)

In Eq. (7), n(x;, T) reflects the neighborhood pixels closing to the window center pixel x;. T
is the difference between the value of the neighborhood pixel and center pixel. It can be
considered that the pixels in the highly similar pixel region #(x;, T) have a greater influence on
the fuzzy membership degree of the central pixel. While the pixels not in the region is
approximately considered as having a large difference from the central pixel and less affecting
to the center pixel. M is the number of pixels within the region. The effective neighborhood
mechanism f;, defines the degree of participation of pixel x, in the i" clusters and is defined as
follows:

1
fi = ﬁz jente 1) Pi
0<f, <1

(8)

Thus, another conditional local space parameter gix which defines the degree of belonging of
pixel x, to the i" cluster v; is introduced and defined as follows:

q _ fik
oy Dl ©)
= vell

Global and local membership values are combined, so we have introduced another weight
membership variable h; and clustering center r; .They are defined as follows:
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and

h = (pik )S(qik )t
| Z.Czl( Pe )S (qck )t

Zkl ik
I =
Zkl ik

(10)

(11)

where s and t are the parameters to control the relative importance of the two membership
functions.

A
This

small value in piy and gi does not have much effect on the final membership value hy.
mechanism ensures that the likelihood of a normal pixel point to a highly similar

neighborhood grouping is increased, making the compactness inside the cluster better. And it
will be weakened the effects of noise and inhomogeneity pixels. Thus, it makes the GcsFCM
algorithm robust to the image with the noise and I1H. We summarize the proposed scheme as
pseudocode snippet, which is shown in Table 2.

Table 2. An image segmentation scheme pseudocode

12.

13.

14.

Input: Image-I

Output: Segmented Image-class Il

Pre-processing: Gamma correction

. Acquire: the values of the number of clusters C, the degree of fuzziness m and the error e.
. Initialize randomly the centres of clusters ( ), r( )

1=0
Begin:
I=1+1
Calculate the membership degrees p_(_l) and (1) using Eq. (3) and Eq. (8)
1 ]
Calculate the total membership degrees h(l) using Eq. (9)
ik
. Update the total centers of classes (1) using Eg. (10)
Update the centers of classes (1) using Eq. (4)
I
If |r"-r"Yj<e Then
Break
End if
End

4. Experimental Results

The algorithm is experimented and evaluated on BrainWeb simulated MRI brain images [31].
Four different combinations of simulated T1-weighted data volumes which contain images of
9% noise and 40% inhomogeneity, 9% noise and 20% inhomogeneity, 7% noise and 40%
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inhomogeneity, and 7% noise and 20% inhomogeneity are selected. Each combination of
image volumes consists 71 images. Therefore, the final evaluation results are the average
values of 71 images. In the study, we make comparations with the FCM, the sSFCM [12]
methods as well as the competitive technique, csFCM [17].

Slice Original

Number Image FCM sFCM csFCM GcsFCM

40

50

60

70

80

90

100

Fig. 3. Comparison results of FCM, sFCM, csFCM and our GesFCM. Qualitative segmentation of different
slice numbers (40, 50, ...,100) of T1-weighted MRI brain images with 9% noise and 40% inhomogeneity.
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4.1 parameter setting

The parameters p and g of the weighted membership function have an important effect on the
final membership function value hy and the clustering center r;. According to the empirical
value of p = 2 and q = 2, the experimental results achieve better performance. In the MRI
images, there is a strong correlation between adjacent pixels. It can be noted that the algorithm
for W = 3 x 3 will get better results [17]. Thus, subsequent experiments were performed by
usingp=2,q=2and W=3x 3.

The parameter value of Gamma correction also affects the final segmentation results. A
smaller value will make the image edge and detail information more blurred. A larger value
will make the noise more prominent. Therefore, it is particularly important to select a suitable
value.

4.2 Qualitative evaluation

We compare the proposed GesFCM algorithm with FCM algorithm, sFCM algorithm and
csFCM algorithm. In order to avoid the contingency of experimental results, qualitative
evaluations include segmentation results in different slice numbers (40, 50, ...,100). We have
tested the GesFCM method in T1-weighted simulated of MRI brain image volumes with
various levels of noise and inhomogeneity properties.

It should be noted that, for achieving the balance of good readability and appropriate paper
length, we show our experimental studies in two parts: the major contents are shown in Section
4 and the others are given in the Appendix as supplementary material.

To perform our experiments completely, we generate four data scenarios suitable for
clustering results, as illustrated in Fig. 3 and Fig. Al, Fig. A2 and Fig. A3, respectively. Fig.
3 shows the qualitative results of T1-weighted images with 9% noise and 40% inhomogeneity,
segmented by FCM, sFCM, csFCM and GcsFCM. In the Appendix, Fig. Al shows the
qualitative results of T1-weighted images with 9% noise and 20% inhomogeneity, segmented
by FCM, sFCM, csFCM and GesFCM, Fig. A2 shows the qualitative results of T1-weighted
images with 7% noise and 40% inhomogeneity, segmented by FCM, sFCM, csFCM and
GcsFCM and Fig. A3 shows the qualitative results of T1-weighted images with 7% noise and
20% inhomogeneity, segmented by FCM, sFCM, csFCM and GcsFCM.

As it can be seen from Fig. 3, there are several artifacts in the regions of image by FCM and
SsFCM algorithms. And the image details are affected by the segmentation of csFCM algorithm.
The proposed GecsFCM algorithm is basically free of artifacts and isolated points, which
retains the details of the image well. Even in the MRI images with high proportion of noise and
inhomogeneity, it shows better performance than FCM, sSFCM and csFCM algorithms.

4.3 Quantitative evaluation

Quantitative evaluation is essential to compare the results of different segmentation methods,
which can directly reflect the performance of the algorithm. The validity indices of partition
coefficient [14][32][33] and partition entropy [14][33][34] are computed to compare the
performance of all algorithms.

(A) Partition coefficient (V,): Partition coefficient (V) is an important indicator of fuzzy
partition. The value of V,. is between 0 and 1. The higher V. is, the better segmentation effect

is. It is defined as follows:
C N 2
Zilekzl hik
N

v (12)

pc
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(B) Partition entropy (Ve): Another important indicator of fuzzy partitioning is partition
entropy. The value of V. is between 0 and 1. The lower V. is, the better segmentation effect is.
It is defined as follows:

V. = _Ziilz:j:l[hik loghy ]
. N

p

(13)

Table 3 shows the average of V,. and V,. on FCM, sFCM, csFCM and the proposed
GcsFCM algorithms. Each of them is in the four image volumes: 9% Noise and 40% IIH, 9%
Noise and 20% IIH, 7% Noise and 40% IIH, and 7% Noise and 20% I1H.

Table 3. The values of V¢ and Ve on the 71 T1-weighted MRI brain images

Segmented - .
Image volume method Cluster validity functions
Vi Ve
FCM 0.8347 0.3033
sFCM 0.9580 0.0696
Noise 9%, IIH 40%
csFCM 0.9727 0.0449
GcsFCM 0.9803 0.0326
FCM 0.8348 0.3032
sFCM 0.9585 0.0688
Noise 9%, IIH 20%
csFCM 0.9728 0.0447
GcsFCM 0.9807 0.0320
FCM 0.8385 0.2951
sFCM 0.9599 0.0666
Noise 7%, IIH 40%
csFCM 0.9732 0.0441
GcsFCM 0.9821 0.0296
FCM 0.8397 0.2932
sFCM 0.9610 0.0648
Noise 7%, IIH 20%
csFCM 0.9738 0.0431

GcesFCM 0.9829 0.0283
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Fig. 4. Comparative values of V,cand V. for the FCM, sSFCM, csFCM and GesFCM algorithms over 71
T1-weighted MRI brain images having 9% noise and 40% IIH(a), 9% noise and 20% IIH(b), 7% noise
and 40% IIH(c) and 7% noise and 20% I1H(d).
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From Table 3, it can be seen that the proposed algorithm has better clustering effect. For the
images with high noise and I1H, the average of V. and V.. of the proposed GecsFCM method in
the four image bodies are close to 1 and 0, respectively. It shows that our algorithm has more
accurate clustering results and less ambiguity than other algorithms. Furthermore, these results
also prove the advantages to the competitive algorithms of the FCM, sFCM, and csFCM
methods.

Table 3 shows the average for V. and V. of each image volume, but the specific assessed
values for each image of each image volume are not clear, so the curves are plotted to display
the values of V. and V.. Fig. 4 shows the comparisons of the FCM, sFCM, csFCM, and
GcesFCM algorithms for Ve and Vpe of 71 different T1-weighted MRI brain images (slice
40-slice 110) with 9% noise and 40% IIH (Fig. 4(a)), 9% noise and 20% IIH (Fig. 4(b)), 7%
noise and 40% IIH (Fig. 4(c)), and 7% noise and 20% IIH (Fig. 4(d)).

Fig. 4 gives an insight into the performance of the algorithm that the proposed algorithm has
high value of Partition Coefficient (V) and low value of Partition Entropy (V.), which shows
that the proposed GesFCM algorithm is performed consistently on all the images of the four
data volumes. It also shows that it is superior to FCM, sFCM and csFCM algorithms.

5. Conclusion

In this paper, a Gamma correction conditional FCM clustering algorithm with spatial
information (GcsFCM) is proposed. The advantage of the GesFCM algorithm is that it still
retains the details of the image and the edge information for MRI images with noise and I1H.
The evidence from the experimental results is overwhelming. Our proposed algorithm has
higher values of V. and lower values of V. High value of V,. implies better performance
since it is calculated on the basis of membership values and high membership value for a
single cluster implies better clustering. Similarly, low value of V. implies better clustering.
The experimental results are first presented in qualitatively and later in quantitatively along
with critical discussions, which show that the proposed GesFCM algorithm provides better
segmentation results when compared to FCM, sSFCM and csFCM algorithms.
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APPENDIX
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Fig. Al. Comparison results of FCM, sFCM, csFCM and our GesFCM. Qualitative segmentation of
different slice numbers (40, 50, ...,100) of T1-weighted MRI brain images with 9% noise and 20%
inhomogeneity.
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Fig. A2. Comparison results of FCM, sFCM, csFCM and our GesFCM. Qualitative segmentation of
different slice numbers (40, 50, ...,100) of T1-weighted MRI brain images with 7% noise and 40%

inhomogeneity.



KSII TRANSACTIONS ON INTERNET AND INFORMATION SYSTEMS VOL. 12, NO. 9, September 2018 4351
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Fig. A3. Comparison results of FCM, sFCM, csFCM and our GesFCM. Qualitative segmentation of
different slice numbers (40, 50, ...,100) of T1-weighted MRI brain images with 7% noise and 20%
inhomogeneity.
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