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Abstract

Errors in the scanning procedures lead to uncertamﬁ en tr segment the
scanned images. Fuzzy c-means is a clustering method_t ap ed segment images
e

with uncertainty estimates. Bias-corrected fuzzy c— ring compensates

for two sources of uncertainty by modeling noise pias f|eI rlng the segmentation
process. In this paper, we present an approach prove B M clustering and apply it to
magnetic resonance imaging (MRI) data of man bral r approach is based on two

variants of BCFCM clustering, the classi
improve both variants by slightly i
estimation. To evaluate the improv
simulated MRI brain data, and
segmentation. All experiment re sho

and th W|th distance-based weights. We
g th algorithms for better bias field
orithms, \pply the algorithms to synthetic data,

RI Qrajftdata with ground truth in form of manual
W improved methods outperform the original

methods in both the segme ion accur efficiency (the number of iterations).
Keywords: Imag tatlon y c-means, Modified fuzzy c-means, Brain MRI
segmentation, Bia@ Q
1. Introdu @
Image segmentatio a vital role in a broad range of computer vision and image

processing applicati h as object or pattern recognition, geographical imaging, geology,
remote sensing, &edical imaging. In image segmentation, images are partitioned into
disjoint regions omogeneous properties. For segmenting human brain images in a
biomedicalﬁ%ﬁxt, the regions of interest are the tissues of white matter (WM), gray matter

rebrospinal fluid (CSF). Several studies show that physiological processes and
ity can be characterized based on the composition changes of these tissues in the
ume or within specific regions [1, 2]. Magnetic resonance imaging (MRI) is one of
thega0st commonly used medical imaging techniques due to its ability to distinguish soft
tissues and because it does not rely on x-ray technology. In human brain image segmentation
of MRI data, the task is to specify the tissue type for each pixel (when operating on a 2D
slice) or voxel (when operating on the 3D volume data), on the basis of the measured MRI
values and prior knowledge about the brain. This segmentation step is crucial for many
medical analyses and clinical applications, such as the visualization and analysis of
anatomical structures, detection of pathology, and surgical planning. It is also an important
step for further processing tasks such as visualization, multimodal data fusion and
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registration, and surgical navigation. However, brain segmentation is also a complex and
challenging task due to overlapping ranges of intensity values of tissue types and the imaging
artifacts such as noise, intensity in-homogeneity, and partial volume effect. Fuzzy c-means is
one of the most used algorithms for image segmentation [3-10]. Its main advantages include a
straightforward implementation, the applicability to multichannel data, its robustness in the
absence of prior knowledge about cluster centers, robustness when the number of classes is
known as in our problem of human brain segmentation, and the ability to model uncertainty
within the data.

The main focus of this paper is to improve the result of certain segmentation outputs by
reducing the effect of some uncertainty sources on the results. We base our work on the
approaches of bias-corrected fuzzy c-means (BCFCM) clustering [9] and its variant with
distance-based weights [10], see Section 3. We chose those fuzzy c-means implemth
as they compensate for two sources of uncertainty, noise and bias fields.

We improve the performance of the two segmentation methods by sllghtly
algorithms, see Section 4. The experimental results show Sthat our

ing their
methods
i¢lepcy (number of

outperform the original methods in both the segmentation d y and
iterations) for all our examples. We compare our metho@ rlg
am

to synthetic data, simulated MRI brain data, and rea@S re the ground truth

is given by manual segmentations of medical exper ectlon
2. Related Work 6

Recently, in medical imaging many res’a@rs hav o modify the original fuzzy c-
means (FCM) algorithm [3-10], in o i

flnal segmentation results, and
consequently to reduce the amo éﬁ[ ncerta the respective results. Pham [4]

generalized the FCM objectiv |on‘b incliding a spatial penalty term on the
membership function to be m bust to nej d other imaging artifacts when compared
to the standard algorithm. ang et al ow up [4] in utilizing the spatial information

in the image for furtherd ve the se tation performance. They use a special spatial
function in the weighteth stmmatio membership function of the neighborhood voxels to
ue of\@n r voxel. This leads to more homogeneous region and

the Euclidean distance in the FCM algorithm with a kernel-
a non-linear version of the linear algorithm. Furthermore, they
added a spatial penalt to act as regularizer. Mohammed et al. [3] use a modified version
of the EuclideansdistajiCe approach that involves the membership value and the spatial
distance of the neigltbor voxels to make the method less sensitive to noise while enhancing
the edges. agyi et al. [11] introduced the enhanced fuzzy c-means algorithm (EnFCM)
that modi @ e FCM algorithm such that the objective function is based on the number of
intensiggNEveéls available in the image but not on the number of voxels. This modification led
fast algorithm that slightly improves the segmentation result. Ahmed et al. [9]
proposed an algorithm to compensate inhomogeneity and to label a pixel considering its
immedlate neighborhood. This algorithm is called bias-corrected fuzzy c-means (BCFCM).
The BCFCM method is a common reference for most of the modified fuzzy c-means
algorithms that were introduced later and its objective function is used as basis for their
modifications. Yuan et al. [10] enhanced the method by replacing the fixed value of the alpha
parameter that controls the influence of the neighborhood voxels during optimization with a
weighted function that varies according to the closeness of the intensity of each neighboring
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voxel to the center voxel (voxel under consideration). We refer to this algorithm as bias-
corrected fuzzy c-means with weighted alpha (BCFCM_WA).

Li et al. proposed a new energy minimization method based on coherent local intensity
clustering (CLIC) for simultaneous tissue classification and bias field estimation of MR
images [12]. For each pixel, a clustering criterion function is defined with the clustering
centers replaced by the product of the bias within a neighborhood and the clustering centers.
In addition, a weight for each pixel is introduced to control its influence on the clustering
criterion function. A pixel at location far from the neighborhood center should have less
influence on the clustering criterion function than the closer pixels. Integration of the
clustering criterion function leads to an energy, whose minimization leads to simultaneous
tissue classification and bias field estimation. The CLIC algorithm is sensitive to the choice of
the parameter of the weighting function. In addition, the spatially coherent nature of the CLIC
criterion function that omits the local gray level relationship makes the estimated ship
functions inaccurate, and finally causes misclassifications, especially for the pi ound the
boundaries. In order to reduce the noise effect during seiserltation et al. [13]

introduced a method that incorporates both the local conte dythe non-local
information into the standard FCM algorithm using a di instead of the usual
distance metric. Ji et al. [14] follow up on Wang ’s proach, by g the local spatial
context and non-local information to develop theNpo |b|||stw c-means clustering
algorithm PFCM. Unfortunately, the two ds by I. and Ji et al. are
computationally expensive which made themg ctical.

We improve the performance of the BC and A segmentation methods by
slightly modifying their algorithms. ided these two algorithms because of
their ability to compensate for tw igportant so }s f uncertainty in their segmentation
model. First, they compensate se |n image by involving neighbor voxels and
intensity in-homogeneity by atmg b| d. However, these algorithms still have
limitations. Through deep~analysis \@:e algorithms, we discovered two of these
limitations. [@ @\.

In this paper, W an appm%ate modification to increase the performance. These
modifications are ower b@fo log transform to reduce the negative effect of this
transform on |f|cat andFslowing the updating of the bias field estimation to avoid
over-estimat he exp al results show that our improved methods outperform the
original methods. 6

3. FCM Metho

In this sectio e describe the standard FCM and the bias-corrected segmentation
approaches CM by Ahmed et al. [9] and BCFCM WA by Yuan et al. [10]. Our approach
is an impr nt of their techniques, which will be detailed in the subsequent section.

3. @ard FCM Approach

standard fuzzy c-means (FCM) approach is an iterative, unsupervised algorithm
initially introduced by Bezdek [15]. The FCM objective function for partitioning an image
with N pixels or voxels{x,}, , into c clusters is given by

c N
v =S S|k, -v,[ . whereqv,};, are the representatives of the clusters and the

i=1 k=1

matrix[u, ]=U represents a partition matrix of size cxN with U€ D according to
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c N
U={u, €[01]]> u, =1Vk A0<> u, <N Vi}.
i=1 k=1
The entries u, can be interpreted as the probability that pixel x, belongs to cluster i. This
is referred to as fuzzy membership. The parameter p is a weighting exponent on each fuzzy
membership and determines the amount of fuzziness of the resulting classification. The
algorithm is initialized with some representatives v, for each cluster and the memberships are
updated to minimize the objective function Jecy.

3.2. BCFCM Approach

Ahmed et al. [9] proposed to model an MRI signal as the true signal intensity X generated
by the underlying anatomy multiplied by a spatially varying factor called the galn field G
leading to pixel values

Y, =X, G, Vke{l,2,., N} Y\
i.e., groups X ,and G, are the true intensity, observed intensity, and the gaif fi the Kk,
pixel, respectlvely, N is, agaln the total number of pixels in t | data s ifact can be
modeled as an additive bias field by applying a Iogarlthmlc trans nto (1)

Yy, =X, + B, Vke
where x, and y, are the true and observed Iog rmed s' es at the k, pixel,
th

respectlvely, and g is the bias field at the k e bias f d model is mcorporated
into a FCM segmentation, it is easy to esﬂm&msue c applylng the segmentation
to the corrected data. Ahmed et al. [9] the objeetive*function of the standard fuzzy
c-means (FCM) algorithm to com r |n e ihhomogeneities and to allow the

labeling of a pixel (voxel) to be | nced b els in its immediate neighborhood.
Using the notations from above ctlve f |o can be written as

ZZ Y - ﬁk ZZUU/-'

i=1 k=1 rllkl

where N is the set otn g ing plﬁﬁ ixel y , n, is the number of considered neighbors,
DI ||yk ’ a constant that regulates how much neighborhood

mformatlon i e nelghborhood term acts as a regularizer and biases the solution
towards piece omoge eling. The objective function of BCFCM is minimized by taking

the first derivatives of respectto u, , v;, g, , and setting them to zero. This results in three

necessary but not su onditions for J  to be at a local minimum.
*  Membersh aluation

- 1 (2)

u, = n

O N D, +(a/Npy)y, =

@A? -1 Djk"'(a/NR)}’,-
herep, =y, - 5, -v[ -

» Cluster Prototype Updating

Yully, - s @inDT L (- 8,)
)
1+ a)z

kllk

» Bias-Field Estimation
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ZUV
By =Y, - 4)
o

3.3. BCFCM_WA Approach

Yuan et al. [10] modify the objective function of BCFCM algorithm by replacing the fixed
weight (« /N ,) that controls the participation of neighborhood voxels in updating the
membership values of the considered voxel with a variable weight for each neighbor voxel.
This leads to the updated objective function

:zzuiEDik+zzuiEzw(yk‘yr)Dir' v
i=1 k=1 i=1 k=1 y,eN,
where w(y,,y,) is a weighting function (e.9. w(y,.y,)= H“ ) Z)Qtlsfles the
conditionszy . o(y,,y,)=a, 0<a<l, Vke 12 Ay ”2
When choosing o (y,,y,)= (¢ /N,) , the Obj 3 unct is BCFCM objective

J, to be at a local minimum are given by

» Membership Evaluation
4@_;\ ©
where D, = ||yk(@v I & o(y,.y,)
' eNK
. Cluster Pro \U

pdati

é v @y, - ﬂ,))
k=1 ’ (6)

‘@ L, “’kf)
wher, ISequal to w( y,).
. Bi&ﬂEshmaﬂon
@) Sy, o)
@ ﬂk = yk - ':10 . (7)

> (u";: + yreNka’kru:)

function proposed by Ahmed et al. [9]. The thr @ecessary Eugno sufficient conditions for

v -8, -v[ .

3.4. Optimization Algorithm

The BCFCM and BCFCM_WA algorithms for correcting the bias field and
segmenting the image into different clusters can be summarized by the following steps:
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1. Choose the initial representatives{v }; . Initialize {5, 3}, , with very small and equal

values (e.g., 0.01).

2. Update the partition matrix using (2) for BCFCM method and (5) for BCFCM_WA
method.

3. Re-compute the representatives of the clusters in the form of weighted averages of the
patterns using (3) for BCFCM method and (6) for BCFCM_WA method.

4. Estimate the bias term using (4) for BCFCM method and (7) for BCFCM_WA
method.

Repeat steps (2—4) until the termination criterion

Ivnew - Vold

is met, where || || is the Euclidean norm, v . and Vv are the vectors of cluster repreWs
before and after the most recent step, and € is a (typlcally small) user-defined error toleran(?\

4. Improved Methods

|<8

The main drawbacks of the above two algorithms BC d'BCF are the log
transform and the overestimation of the bias f|eld |n uat ns h can lead to
misclassification. We propose two modlflcatlons - y to bot BCFCM and the
BCFCM_WA algorithm. The modifications are sm we s e subsequent section

that it can have a big impact.

4.1. Adjusting the log transform
When we apply the log transform on a a@ datasm nge of the transformed data is
contracted. This contraction affects clustering algorithm negatively

especially when the data are nois |scr|m }bty power of the clustering algorithm is
ne

decreased. Because the distance cluster presentatives is smaller in the transformed
space and some extreme poin

clas e closer to the center of the neighboring
class, it may be misclassifigey, To reduc ative effect of the log transform, we propose
to use a logarithm WI'[ er base . logy15 or log;s) instead of using the natural

logarithm (i.e. the to lo e e~2.719). This reduce the contraction ratio of the

transformed data. ther r contraction effect we also investigated scaling all
intensities witkraacanstant befare starting the algorithm. In our experiments we found out that
this is benef or the d version of the BCFCM_WA method. We apply a scaling
with factor 10.

4.2. Avoiding bias #i verestimation

The second ck that we tackled is the over-estimation of the bias field, which
can lead to false Classification. In order to avoid an overestimation we propose to slow
down the ion of the bias field compared to the estimation of the partition matrix.

Hence two algorithms BCFCM and BCFCM_WA we modify the procedure such
th date of the bias field pk is only done once every n iterations (e.g. n=4 or n=5).
W%ydification has the nice side effect that less computation is necessary. First, the overall
bias-field estimation time is obviously reduced and, second, when not updating the bias field
Py the terms (y-fx) and (y,-f;) do not need to be re-computed.

A general drawback of FCM algorithms is that the update of the cluster representatives
(see Equations (3) and (6)) is based on the weighted averages of all pixels, which may lead to
the production of "pseudo centroids". Especially for class with small size, the participation of
a large number of pixels from outside the class (even though multiplied with small weights)
may balance or overcome the effect of participation of a small number of pixels from within
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the class (even though multiplied with large weights). To avoid and to compute more accurate
cluster representatives, we update the cluster representatives by only using pixels that have a
large probability of belong to the respective class, e.g., by having entries U;>0.5 in the
partition matrix. Again, in addition to increasing the clustering result, this modification saves
some computations.

5. Results and Discussion

In this section, we present and compare the experimental results when applying the
original and the improved methods on synthetic images, simulated MRI brain images
[16], and real MRI T1-weighted brain images [17]. The reasons for using digitally
simulated images are the prior knowledge of the true tissue types and the control over

To mimic the main brain tissues of MRI T1 and T2 images in a synthetic €.
the background Bg, the white matter WM, The gray matter GM, and thg”Cexelrospinal
fluid CSF), we generate an example of four respective classes with structures

as shown in Figure 1. We believe that our examples the s s in an MRI
brain image better than the two-classes synthetic i of [9phor and the four-
classes synthetic image of [7]. We corrupted our e Witk different types of
noise that are common in medical data such as an, sal\ epper, or sinusoidal

noise, or a combination of them.

As initialn for
class centroids” of th

experiments on th

L%s’ representatives in the synthetic example, we use the
etic image before corrupting it with noise. For the
ulated and real brain MRI images, we initialize the
representatives o rs based on the segmentation result of the EnFCM algorithm
[11] which is v st and gives acceptable segmentation (to some degree). This choice
is suitable experiments assuming the absence of ground truth and prior knowledge.
In order pare the performance of the proposed methods with the original methods
(e, t CM [9] and BCFCM_WA [10]), we employed the segmentation accuracy
re and Jaccard measure JM to evaluate the differences among them

Number of correctly  classified pixels

SA = x 100 %
Total number of pixels
Aj m Arefj
M = ———x100 %
A, UA

refj
Where A. represents the set of pixels belonging to the jg, class of the reference segmented
image and A; represent the set of pixels belonging to the ji, class found by the algorithm.
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In our experiments, we use the same parameters that are used by the original methods [9],
(i.e. 0=0.85, p=2, €=0.01), but for the number of pixels in the neighborhood window Nr we
use eight instead of nine by excluding the center pixel (i.e., the pixel under consideration).
For parameters 6 and o of the weight function ® in the BCFCM_WA method [10], we also
use the same values as the original paper (i.e. 6=1.25 and a=0.09).

-

BRI NN
-

o

(b)

Figure 2: Comparison of segme nd bias field estimation on
synthetic image with four class sinusoidal noise, (a) original
synthetic image corrupted:w u50|da se, (b) sinusoidal bias field, (c)

)

BCFCM result, (d) IBCF (e). M _WA result, and (f) IBCFCM_WA
result, (g) BCFCM bias fie s field, (i) BCFCM_WA bias field,
d () IB WA bias field.

In the first grou erlme applied the four methods on synthetic images with
four classes to exfiQ how th sed modifications improve the results. In the first
experiment, & the sy ic Image of Figure 1, corrupted by a sinusoidal noise that
models bias Tigldserrors. Iy the two original methods BCFCM and BCFCM_WA and
our improved version ed by IBCFCM and IBCFCM_WA, respectively. From the

results shown in Fi ;y we observe how the proposed methods improve the segmentation
result and the @Id estimation, respectively. In the second experiment, we use the
synthetic image igure 1 corrupted by a mixture of Gaussian noise with mean 0 and
variance 64%-& salt-and-pepper noise, and a sinusoidal noise that models bias field errors.
The resuq applying the four methods to this image shows how our improvements
ou r e original methods, see Figure 3 and Table 1.

mbers in Table 1 indicate that segmentation accuracy is higher both for IBCFCM
whew/compared to BCFCM and for IBCFCM_WA when compared to BCFCM_WA.. Also,
the Jaccard measures are generally higher for our improved methods. To show that this is also
true for other combinations of noise, we list a few in Table 2. Segmentation accuracy was
always highest for IBCFCM_WA and second-highest for IBCFCM. In Figure 3, we can
observe clearly how the BCFCM method produces undesired results, which we believe is due
to the over-estimation of the bias field for some noisy pixels, i.e., the bias field estimation
increased over the number of iterations and eventually led to a misclassification. Our
improved methods, on the contrary, prevent the aggregation of small errors in the bias field
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estimation by only update the bias field once a good estimation for the clusters’
representatives has been found. The BCFCM_WA result shows that the border of segments
are deformed while our improved version does not exhibit such artifacts, as the more accurate
bias field estimation prevents the smoothing effect of neighborhood’s window on the noisy
pixels in the partial volume areas. The more accurate estimation of the bias field is made
explicit in Figure 4, which shows a comparison of the used noise image and the estimated
bias fields for the four methods as in the experiment of Figure 3.

(b)

: .\ i
Figure 3: Comparison of S ntati \%Its on Synthetic Image
Corrupted with Mixed Naqi (b) Ori ynthetic Image, (c) BCFCM
FC

result, (d) IBCFCM result, M_@ result, and (f) IBCFCM_WA result.

Table 1: Segm @on Ac us& (SA) and Jaccard Measure (JM) in
Percent \ rthe Fo ethods on Synthetic Image with Four
Clas$gS Colrupted by Mixed Noise.
N

Fig SAY%_ | “Classl IM% Class2 IM% | Class3 JM% | Class4 JM%
B M By 74.8591 87.6736 73.4618 66.0604
IB 95.8304 925754 88.4696 88.6968
BCFCM_WA 4 92 98.2383 88.2528 83.3352 86.1636
IBCFCM_WA,." | 98.8068 97.8091 98.5026 96.5281 97.8626
N
Ta . Segmentation Accuracy (SA) in Percentage for the Four
Me on Synthetic Image Corrupted with Different Combinations of
O Noise.
“/Noise Type BCFCM IBCFCM BCFCM_WA IBCFCM_WA
/) SaP*5% & Sin 83.8348 95.4498 94.6625 98.9639
G(0,64) & Sin 77.7756 96.3013 94.8166 99.6353
SaP & G(0,64) 81.4316 96.817 94.1544 99.2599
Sin 76.1353 96.373 94.7708 99.9832
SaP 5% 79.2358 97.2137 94.4046 99.0952
G(0,64) 78.4637 97.4915 94.8761 99.9908

* SaP=Salt-and-Pepper; G=Gaussian; Sin=Sinusoidal

In the second group of experiments, we use the simulated MRI brain images of different
modalities (T1-weighted, T2-weighted and PD-weighted) corrupted by different level of
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Gaussian noise (3%, 5%, 7%) with and without 20% intensity inhomogeneity. Figures 5, 6,
and 7 show a comparison among the segmentation results when applying the four methods on
the simulated T1-, T2-, and PD-weighted MRI brain images with 5% Gaussian noise and 20%
intensity inhomogeneity, while the Tables 3, and 4 show the comparison of the segmentation
accuracies when applying the four methods to the three modalities corrupted with different
levels of noise. The outcome is similar to the one before, as our improved algorithms
outperform the original one for all the given examples independent of noise level or imaging
modality.

Figure 4. Comparlson o Fleld E tion in the Experiment of Figure 3.
(a) Original Image Co ted wi Noise, (b) Original Noise Image, (c)
Bias Field for BCFC |as Fie r IBCFCM, (e) Bias Field for BCFCM_WA,

(f) Bi |eId for IBCFCM_WA

e 8 showsgmas field estimation and image correction comparisons
ted T2-weighted MR image corrupted with 40% intensity
observe the improvement of the proposed methods in the bias
ents.
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(b)

Figure 5: Comparison of segmentation results on simulated T1-weighted MR
brain image corrupted with 5% Gaussian noise and 20% intensity
inhomogeneity: (a) original image corrupted with noise, (b) ground tguth
segmentation, (c) BCFCM result, (d) IBCFCM result, () BCFCM_W N,l
(f) IBCFCM_WA result. A?\

—h

Figure vﬁ i segmentation results on simulated T2-weighted
MR brea age ted with 5% Gaussian noise and 20% intensity

inhomogeneity: iginal image corrupted with noise, (b) ground truth
segmentation, FCM result, (d) IBCFCM result, (e) BCFCM_WA result,
(f) IBCFCM_WA result.

In additib%.the synthetic images and simulated MRI brain images, we apply our methods
to real T@l hted MRI images [17]. We evaluate the segmentation accuracy based on the
grount@ for these images in form of provided manual segmentation results. Figure 9
s% comparison among the segmentation results when applying the four methods
beside” the original fuzzy c-means algorithm (FCM) to two slices. Table 5 shows the
comparison among segmentation accuracy results in Figure 9. All experiments show that the
improved methods outperform the original methods and that the IBCFCM_WA algorithm is
superior over all methods on all experiments.

An important difference between our experiments and the experiments performed by
Ahmed et al. [9] for the original BCFCM method is that we assume 4 classes for simulated
and real brain images (Bg, WM, GM, and CSF) while Ahmed et al. assumed 3 classes only
(Bg, WM, and GM) by merging the CSF tissue with the background (Bg). Moreover, the
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experiments performed by Yuan et al. [10] for the BCFCM _WA method focused on
segmenting the white matter (WM) tissue only, which is a simpler task than considering all
tissues together. This may justify why these methods have issues in our experiments while
they succeed in their experiments. Our settings are more challenging and more realistic in
terms of the underlying medical application, and we have been able to show that our
improved methods outperform the original algorithms in all cases including synthetic data,
simulated MRI brain data, and real MRI brain data.

Our improvements not only outperform the original methods in the accuracy of the
segmentation results but also in the number of iterations required to get this accuracy. Figure
10 shows the number of iterations for different log bases and different choices of parameter n
(in addition to the respective segmentation accuracies). Table 5 also lists the required number

of iterations for the examples given above. Obviously, our improved versio éd
significantly less iterations and the complexity within an iteration is also reduce bias
field estimation is only carried out once every n-th iterations.

0 mentation

ent parameter

To investigate how much our solution increases the performanc
algorithm in term of computation time and segmentation %acy forRgdi
e .

settings, we do experiments on the simulated brain T1- MR, imag€ corrupted with
7% Gaussian noise and 20% intensity inhomogenei igure«10. Invhis experiment, we
equired for the two

measure the segmentation accuracy and the nu f itera\x

improved methods using different log bases (1.127%..15, 1.1‘8,% 14,1.44,15,18, 2,2.719,
3, 5, and 10) and different choices of n (2,’3, )R \

\{. (b) (d) %)

Fiw Comparison of segmentation results on simulated PD-weighted
brain image corrupted with 5% Gaussian noise and 20% intensity
@vomogeneity: (a) original image corrupted with noise, (b) ground truth
segmentation, (c) BCFCM result, (d) IBCFCM result, (¢) BCFCM_WA result,
(f) IBCFCM_WA result.
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Table 3: Segmentation accuracy (SA) in percentage for the four methods on
simulated T1- and T2-weighted MR brain image corrupted with different
combinations of noise.

Noise Type MRI BCFCM IBCFCM BCFCM_WA IBCFCM_WA
Gaussian 3% T1 83.4127 97.7264 91.8324 98.699
Gaussian 5% T1 84.5609 97.2503 91.3028 98.1287
Gaussian 7% T1 84.4158 96.5221 91.5039 97.8079

11h*20% & G3% T1 85.7347 97.1714 91.6185 0.98.2178

11h 20% & G5% T1 84.9377 96.8251 91.2799 97.8664

11h 20% & G7% T1 85.34 96.7207 91.7967 97.5431
Gaussian 3% T2 77.2208 96.1428 92.3263 97.7875
Gaussian 5% T2 80.6146 95.3841 92.0335
Gaussian 7% T2 81.4293 93.7266 92.031

11h*20% & G3% T2 77.3583 96.25231 91.8451

11h 20% & G5% T2 79.0921 94.6508 91.7636

11h 20% & G7% T2 78.784 93.6782 Q@ 5071

* |Ih=Intensity Inhomogeneity; G—

Table 4: Segmentation accuracy (SA) in p e for t ur methods
on simulated PD-weighted MR brain |corru h different
comblnatlons of

Noise Type BCFCM IBCEC BCFCM\MM IBCFCM_WA
Gaussian 3% 79.1506 95 770418 96.6851
Gaussian 5% 81.9258 5 %@88 95.8016
Gaussian 7% 79.749 4607 9256 94.2384
Gaussian 9% 74.5882\ 9573 A °80.9634 92.3161
11h*20% & G3% 82. 1M 93 9685, ] 89.4111 95.0887
I1h 20% & G5% 81,4192 : \ 84.9505 94.1925
I1h 20% & G7% As%'ﬂ 86.5417 92.9272

Inte%lnh’omogenelty, G=Gaussian

that i the accuracy increases when the log base decreases,
which confirgrs“auntheoretical investigations. Also, the accuracy increases when n increases,
which, agai @ irms o @retlcal investigations. The experiment also shows that the
number of iterations r to achieve this accuracy decrease as n increases and slightly
increases as the Iog ecreases. Moreover, the result shows that the improved methods

The experiment,s

outperform the orjginal methods in all cases (i.e., for all tested combinations of log base and
n) in terms of pu of iterations and segmentation accuracy.

Another&%wation is that the impact of parameter n is larger than the impact of choosing
the Iog b improving the results. Hence, we can conclude that the biggest error source in
the or BCFCM methods is that the bias field estimation is inaccurate as long as the
o% resentatives have not reached a suitable value yet. The inaccurate values of cluster
rep tatives in early iterations lead to inaccurate bias field estimation because of error
accumulations which in turn leads to inaccurate cluster representatives estimation for the next
iterations, and so on. Our modification gives enough time for the cluster representatives to be
configured well before starting the next bias field estimation update.
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Figure 8: Comparison of bias field estimatio

simulated T2-weighted MR image corrupted

(a) original image corrupted with 40% intens
field , (c) BCFCM bias field, (d) IBCFC

and (f) IBCFCM_WA bias field, (g)
corrected image, (i) BCFCM_W,

s field, CFCM_WA bias field,
M corr image, (h) IBCFCM
ected@age, and (j) IBCFCM_WA

i

C
Table 5: Segmentation acw%%A) h@:entage and the number of iterations
et t

when applying the four m ds a andard FCM on real brain images of
@re 9.
Fig.9(@) | FCM |, \ IBCFCM BCFCM_WA IBCFCM_WA
SA* [ 92.9108 813, Lo 96.3333 96.6614 97.3526
Nolt*. 29 :6;'120 < 4 5 40 4
Fig. 9 (h) b 3 IBCFCM BCFCM_WA IBCFCM_WA
SA 930695 | 96.6171 96.6049 97.8088
Nolt. 34 6 45 4

=Segmentation accuracy; Nolt.=No. of iterations

The results shﬁt only one or two update of the bias field estimation are required for
the conver riteria to be met achieving better results with a lower number of iterations.
Onem @ervation drawn from the results that the IBCFCM_WA method in the contrary
to CM_WA method does not affected very much by the alpha parameter (see Figure
1% performed similar experiments on the real brain T1-weighted MRI images shown in
Figuve 9 and we got similar results. From the two experiments with simulated and real brain
data, we conclude that the optimal choice of the parameters that gives us the best tradeoff
between the segmentation accuracy and the number of iterations is using n=5 with log base
1.44. In general, when fixing n to 5, we can improve the segmentation accuracy by decreasing
the log base from 2.71 till 1.2 or we can improve the computation time by increasing the log
base at the expense of reducing segmentation accuracy. Since the computational complexity
of the approaches by Wang et al. [13] and Ji et al. [14] is very high when compared to the
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FCM and its variants (because of Dy computation), we could not perform a comparison with
those approaches and only compare our proposed algorithms to the CLIC algorithm. To
compare our methods with the CLIC algorithm [12], we applied the CLIC algorithm on the
synthetic image corrupted with mixed noise, the simulated T1-, T2-, and PD-weighted MR
images corrupted with 5% Gaussian noise and 20% intensity inhomogeneity, and real MR
images. We can observe from the visual and numerical comparison results shown in Figure
11 and Table 6 that our algorithms outperforms CLIC algorithm in both the segmentation
accuracy and the number of iterations. If the termination criterion is not met after 120
iterations, we forced the CLIC algorithm to stop.

Figure, 9) Comparison of segmentation results on real MRI T1-weighted brain
i;adge from 17 database: (a) original image (slice no. 12_3_21), (b) its ground
twyth) (c) BCFCM result, (d) IBCFCM result, () BCFCM_WA result, (f) IBCFCM_
WAMesult, (g) standard FCM result, (h) original image (slice no. 12_3 34), (i) its
ground truth, (j) BCFCM result, (k) IBCFCM result, (I) BCFCM_WA result, (m)
IBCFCM_WA result, (n) standard FCM result.
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Figure 10: on of r of iterations and segmentation accuracy:
(upper) Com of IB or different combinations of n and log base
arame dle) comparison of IBCFCM_WA for different
combln S of n g base parameters and BCFCM_WA (using a=1),
(lower) compariso FCM_WA for different combinations of n and log base

eters and BCFCM_WA (using a=0.09).

Table 6: COEP json of segmentation accuracy (SA) in percentage and number

of itera for IBCFCM and IBCFCM_WA with CLIC method on the above
images
Metrﬁa@ CLIC IBCFCM IBCFCM_WA | CLIC | IBCFCM IBCFCM_WA
SA%™* SA% SA% Nolt.* Nolt. Nolt.
a) || 88,8061 95.5399 98.8068 120 4 3
Fig. 5() | 94,1390 96.8251 97.8664 120 6 3
Fig. 6(a) | 88,5556 94.6508 96.0435 120 4 3
Fig. 7(a) | 84.3598 92.7795 94.1925 120 4 3
Fig. 9(a) | 95.7031 96.3333 97.3526 120 5 4
Fig.9(h) | 96.5271 96.6171 97.8088 120 6 4

* SA=Segmentation accuracy; Nolt.=No. of iterations
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Figure 11: Comparison of IBCFCM and JBCFCM_WA¢Wwith CLIC method using
the synthetic image with mixed néisg, real MRL,_and the simulated (T1-, T2-,
and PD-weighted) MRI: the segm€ntation yestt pf CLIC (first row), IBCFCM

(2nd row), and HBCFCNMe WA (3rd row).

In addition to the sensitivity=gf\the CLIC @lgogithm to the choice of the parameter of the
weighting function, the CLLC, algorithm 0ghits,the local gray level relationship in its criterion
function. This may lead_tddnhccurate estithation of the membership functions, and finally
cause misclassificationsiespecially fox the pixels around the boundaries and for MR images
that have tissues withwesy similagintensities such as T2- and PD-weighted MR images.

6. Conclusions

Image segmentatiop=plays an important role in analyzing medical images for different
applications such agesufgical planning, radiotherapy treatment, or pathology detection. The
presence of differgft Kinds of artifacts in medical image processing pipeline leads to uncertain
segmentation resufts, which may cause wrong decisions like performing unnecessary surgery
or giving inafewrate radiotherapy dose. In this paper, we improve the result of BCFCM
segmentatjonyalgorithms by reducing the effect of some uncertainty sources on these results.
Ougr,iniprgvement gives enough time for the estimated clusters to be configured well before
tie Afas Tield estimation is updated. The implementation of the improved and the original
methdds on synthetic, simulated (T1-, T2-, and PD-weighted) brain MR images, and real T1-
weighted MR images show that our improved methods outperform the original methods in
term of both the segmentation accuracy and the number of iterations which means that the
aggregated uncertainty is reduced consequently. In our experiments, three to six iterations
were enough to get segmentation accuracies that clearly outperforms the original method.
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