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Abstract—In this paper, a study of the segmentation of
medical images is presented. The paper provides a solid
introduction to image enhancement along with image
segmentation fundamentals. Firstly, the local spatial
information of the image is enhanced with morphological
operations to ensure noise-immunity and image detailprotection. The objective of using morphological
operations is to remove the defects in the texture of the
image. Secondly, fuzzy c-means (FCM) clustering is used
with modification of membership function based only on
the spatial neighbors instead of the distance between pixels
within local spatial neighbors and cluster centers. The
proposed technique is very simple to implement and
significantly fast, since it is not necessary to compute the
distance between the neighboring pixels and the cluster
centers. It is also efficient when dealing with noisy images
because of its ability to improve membership partition
matrix efficiently. Experimental results performed on
different medical image modalities illustrate that the
proposed technique can achieve good results, as well as
short time and efficient image segmentation.

The structuring element shape depends on the arrangement of
ones and zeros in the matrix. The structuring element acts as a
window, over which the interaction takes place. It also helps to
characterize the image objects or features. The mechanism of
structuring element operation is similar to that of masks used in
spatial filtering. A structuring element is moved over the whole
image [1]. Image segmentation [2,3,4] is the process of
splitting an image into a number of non-overlapping segments
(sets of pixels, also known as image objects). The success of
the image analysis process depends on the accuracy of
segmentation process, but a successful segmentation of an
image is generally a difficult problem. During an image preprocessing operation, the input is an image and the output is an
enhanced high-quality image. Image segmentation is also an
important tool in various medical imaging applications. It
simplifies the delineation of boundaries or edges of structures,
organs, or other regions of interest. A number of techniques
have been proposed for image segmentation. Among these
techniques, active contour is the most well-known because of
its efficiency and speediness. This paper will focus on medical
image segmentation based on morphological operations, FCM,
and active contour model.
This paper is organized as follows. Section 2 illustrates the
work motivation. Section 3 summarizes the related work in the
field of medical image segmentation. Section 4 illustrates the
procedure of the proposed segmentation process. The
simulation results on Us, X-ray, CT, PET and MR images are
given in Section 5. Section 6 handles the effect of different
noise types on the segmentation process. Finally, Section 7
presents the conclusions and future work followed by the most
relevant references.

Keywords: Image segmentation; Ultrasonic; X-ray; CT;
PET; MR; FCM; Morphological operations; Active contour.
I.
INTRODUCTION
Various medical practitioners seek to retrieve, diagnose and
examine diseases from the images created by medical imaging
techniques. The major types of medical scans are Ultrasonic
(Us), X-ray, Computed Tomography (CT), Emission
Computed Tomography (ECT) and Magnetic Resonance (MR)
images. These medical images are composed of clinical data,
physiological patterns, soft and hard tissues, benign and
malignant tumors. These image modalities differ as they reflect
the internal anatomy of the different body organs. Morphology
refers to the description of shape and structure of the object in a
specific image. It depends on the set theory and rely more on
the relative arrangement of pixels instead on their numerical
values. The important parameters for structuring elements are
shape, size and origin.

A. MOTIVATION
This paper aims to develop segmentation methods for
different medical image modalities. In particular, the main
target is the segmentation of tumor region of interest (ROI).
The segmentation model uses FCM combined with
morphological operations and the active contour model to
delineate the ROI, which can be extracted and classified as
being benign or malignant in the future work. The motivation
of this work is to enhance the patient safety by providing
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greater and more accurate information for medical diagnosis.
This paper aims to detect, analyze and solve the important and
relevant medical problems.

4) It employs the active contour model to delineate the
ROI, which can be extracted.
Simulation results on different image modalities show that
the proposed technique can achieve segmentation accuracies of
98.83%, 99.71%, 99.83%, 99.85% and 99.74% for Us, X-ray,
CT, PET and MR images respectively.

B. RELATED WORK
Amira Soudani et al. [5] proposed a model based on active
contour model for image segmentation. Their model is based
on the combination of an adaptive local term based on the
computation of local statistics deduced at each point of the
evolved curve and a global term built using the means of the
intensity inside and the intensity outside the evolved curve.
This model introduces an adaptive energy term by the
definition of local regions along the curve that are updated at
each iteration of the minimization process according to gradient
information.

II.

THE PROPOSED IMAGE SEGMENTATION TECHNIQUE

The proposed image segmentation technique consists of
four stages:
Step 1. Pre-processing and enhancement;
Step 2. Morphological operations and FCM;
Step 3. Active contour segmentation;
Step 4. ROI extraction.
The flowchart of the segmentation process is shown in Fig.
1. All steps will be explained in the following subsections.

Wei Xu et al. [6] proposed an ensemble of active contourbased image segmentation to obtain the optimal segmentation
ensemble through maximizing the weighted mutual
information between the probability distributions of multiple
segmentation results. Their results validate that the ensemble of
contour-based segmentation is robust to the biased
initialization. Haider Ali et al. [7] proposed a level-set based
model for both global and interactive or selective segmentation
tasks. Their model can deal with the intensity in homogeneity
and noise. It also can maintain the same performance on clean
and noisy images. It employs a combination of a locally
computed denoising constrained surface and a denoising
fidelity term to make sure of a fine segmentation of local and
global features of the image.

Step 1. Pre-processing and Enhancement
Image pre-processing actually means that the input image is
fed to a particular algorithm to obtain a better quality image.
Image enhancement is known to be the adjustment of a digital
image, so that the results are easier and simpler for analysis and
display.
Step 2. Morphological Operations and FCM
For the FCM algorithm [9-12], the rate of convergence is
always decided by the distribution characteristics of the data.
The FCM is noise sensitive, because the distribution of the
image data is affected by the noise, which leads to two
problems.

Pradipta Sasmal et al. [8] proposed an automated
framework for efficient segmentation of such polyps from
endoscopic images. Their method uses principal component
pursuit (PCP) for specularity reduction and background
subtraction, and then the active contour model is used to
localize the polyp regions in each frame. Ali Salih et al. [9]
proposed a segmentation technique to study and extract the
tumors of a breast image. Their method is based on classic
morphology and fuzzy morphology. The proposed methods
were tested using the database of MIAS, which contained 322
images. After comparison of the statistical results, it is shown
that diagnosis of tumor boundary with fuzzy morphology was
highly accurate.
It is noticed that several authors introduced a lot of works
on medical image segmentation, where they do not work well
on images and edges with low contrast, require more sets, take
more computational time, have difficulties when segmenting
images affected by changes in the tissue characteristics of data,
and are not effective for real time applications.
The main contribution of this paper can be summarized as:
1) It presents an efficient segmentation technique for
different medical image modalities.
2) It combines FCM with morphological operations so
that the tumor region segmentation is represented by
the membership functions of the tissues derived from
the minimization of the energy in the FCM.
3) It adds both the global and local spatial information
into the membership function to decrease the
sensitivity problem to the noise and intensity in
homogeneity in the image data.

Fig 1. Flowchart of the proposed segmentation technique.

The first is that the output image obtained by FCM
algorithm is poor for segmentation; the other is that the number
of FCM iterations is larger for an image corrupted by noise
[1,4]. By introducing local spatial information to the FCM
algorithm, it gets immunity to noise and shows superior
performance for the segmentation process. The objective
function is given by:
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𝑞

where
k.

𝑚
𝑢𝑘𝑙

𝑚
𝐽𝑚 = 𝑙=1 𝑐𝑘=1 𝛾𝑙 𝑢𝑘𝑙
𝜉𝑙 − 𝑣𝑘 2
(1)
is the FCM of gray value l according to the cluster
𝑞
𝑙=1

determines the relative importance of the length term. The
possibility of detecting smaller objects/regions increases with
decreasing 𝜇.

𝑐
𝑘=1 𝛾𝑙

=𝑁
(2)
where 𝜉 is an image obtained by morphological stage, and 𝜉𝑙 is
a gray-level,1 ≤ 𝑙 ≤ 𝑞 , q is the number of gray levels in 𝜉. It
is less than N. 𝜉 is given as follows:
𝜉 = 𝑅𝑐 (𝐼)
(3)

The model represents the segmented image with the variables
𝑐1 , 𝑐2 and 𝐻 𝜙 , where 𝐻 𝜙 denotes the Heaviside function
of the level set function 𝜙 defined by:
1 𝜙 𝑥 ≥0
𝐻(𝜙 𝑥 ) =
(9)
0 𝜙 𝑥 <0

where 𝑅𝑐 denotes the closing morphological operation, and I
represents the reference image.
𝑞
𝑚
𝐽𝑚 = 𝑙=1 𝑐𝑘=1 𝛾𝑙 𝑢𝑘𝑙
𝜉𝑙 − 𝑣𝑘 2 − 𝜆 𝑐𝑘=1 𝑢𝑘𝑙 − 1
(4)

The Heaviside function of the level set function, 𝐻 𝜙 ,
specifies object and back-ground regions in the observed
image I, while the last term in (8), Ω ∇𝐻 𝜙 , expresses the
length of the object boundary. On top of that, the scalars 𝑐1
and 𝑐2 denote the average gray values of object and
background regions indicated by 𝜙 ≥ 0 and 𝜙 < 0,
respectively.

where 𝜆 is a Lagrange multiplier. Therefore, the problem of
the minimization of the objective function is turned into
finding the saddle point of the above Lagrange function and
taking the derivatives of the Lagrangian𝐽𝑚 with respect to the
parameters, i.e., 𝑢𝑘𝑙 and 𝑣𝑘 .
By minimizing the objective function (1), we obtain the
corresponding solution as follows:
𝑢𝑘𝑙 =

𝜉 𝑙 −𝑣𝑘 −2/(𝑚 −1)
−2/(𝑚 −1)
𝑐
𝑗 =1 𝜉 𝑙 −𝑣𝑗
𝑞
𝑚
𝑖=1 𝛾 𝑙 𝑢 𝑘𝑙 𝜉 𝑙
𝑞
𝛾 𝑢𝑚
𝑙=1 𝑙 𝑘𝑙

To segment a given image, the functional (8) needs to
be minimized with respect to 𝑐1 , 𝑐2 , and 𝜙. Keeping 𝜙 fixed,
the average gray values 𝑐1 and 𝑐2 can be easily estimated by:

(5)

𝑢𝑘 =

𝑐1 =

(6)

𝐼 𝑥 (1−𝐻 𝜙 𝑥 𝑑𝑥

(11)

(1−𝐻 𝜙 𝑥 𝑑𝑥

Keeping 𝑐1 and 𝑐2 fixed and using the calculus of variations
for the functional (8), the gradient descent equation for the
evolution of 𝜙 is derived as

(𝑡)

η is a minimal error threshold. Because 𝑢𝑘𝑙 is a fuzzy
membership of gray value l with respect to cluster k, a new
membership partition matrix 𝑈 = 𝑢𝑘𝑙 𝑐×𝑁 which corresponds
to the original image I, is obtained, i.e.
(𝑡)

(10)

𝐻 𝜙 𝑥 𝑑𝑥

𝑐2 =

According to (5), the matrix of the membership partition
𝑈 = 𝑢𝑘𝑙 𝑐×𝑞 is obtained. To obtain a stable U, (5-6) are
repeatedly implemented until 𝑚𝑎𝑥 𝑈 (𝑡) − 𝑈 (𝑡+1) < 𝜂, where

𝑢𝑘𝑙 = 𝑢𝑘𝑙 , 𝑖𝑓 𝑥𝑙 = 𝜉𝑙

𝐼 𝑥 𝐻 𝜙 𝑥 𝑑𝑥

𝜕𝜙
𝜕𝑡

= 𝛿(𝜙) 𝜇∇.
III.

∇
∇𝜙

− 𝜆1 𝐼 − 𝑐1

2

+ 𝜆2 𝐼 − 𝑐2

2

(12)

SIMULATION RESULTS

Simulation results were carried out using MATLAB R2019a
on a Dell machine, Core I5 processor, 8 Gbytes RAMs and
320 Gbytes hard disk. Simulation results are conducted on five
different examples of scanned image (Us, X-ray, CT, ECT and
MRI). Images were downloaded from Sirindhorn International
Institute of Technology (SIIT) and The Cancer Imaging
Archive (TCIA) website [17,18].
To reveal the efﬁciency of the proposed technique, a
sample of each different modality of medical images is tested
in the experiments. To assess the segmentation performance of
the proposed technique, the accuracy and similarity indices are
calculated: the segmentation Accuracy (Acc.), Sensitivity
(Sens.), Precision (Pr.), F_Measure (F_M), Matthews
Correlation Coefficient (MCC), Dice (D), Jaccard (J) and
Specitivity (Spec.) [19]:

(7)

Step 3. Active Contour Segmentation
Segmentation methods based on the active contour
model [5,6,8] outperform many of the traditional image
segmentation methods introduced in the literature [13]. Level
sets are sophisticated as image segmentation methods that are
based upon Partial Differential Equations (PDE) that depend
on progressive evaluation of the difference between adjacent
neighboring pixels to determine the desired object edges or
boundaries.
Level set methods [14-16] are used intensively for
segmenting medical images, where they can manage the
cavities, concavities, splitting or merging. They depend on a
speed function that is calculated from the image gradient.
Chan-vese algorithm is based on an energy minimization
problem, which can be reformulated in the level set
formulation, leading to an easier way to solve the problem.
The chan-vese functional is given by:

𝑇𝑃 + 𝑇𝑁
𝐹𝑁 + 𝐹𝑃 + 𝑇𝑃 + 𝑇𝑁
𝑇𝑃
𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃 + 𝐹𝑁
𝑇𝑃
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃 + 𝐹𝑃
2 ∗ 𝑇𝑃
𝐹𝑀𝑒𝑎𝑠𝑢𝑟𝑒 =
2 ∗ 𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =

𝐸(𝑐1 , 𝑐2 , 𝜙) = 𝜆1 Ω 𝐼 − 𝑐1 2 𝐻 𝜙 𝑑𝑥
+𝜆2 Ω 𝐼 − 𝑐2 2 1 − 𝐻 𝜙 𝑑𝑥 +𝜇

∇𝐻 𝜙 𝑑𝑥
Ω
(8)
where 𝜆1 , 𝜆2 > 0 and 𝜇 ≥ 0 are fixed parameters. The length
parameter 𝜇 can be interpreted as a scale parameter, since it
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(13)
(14)
(15)
(16)

𝑀𝐶𝐶

shown in fig. 3. Figure 3 (a) shows a sample of the reference
images, fig. 3 (b) shows the images after pre-processing stage,
fig. 3(c) shows the FCM and morphological stage images, fig.
3(d) shows the segmentation results of the ROI produced by
active contour model (the tumor is marked by a red contour),
and fig. 3(e) shows the resultant ROI images. It is clear that
the proposed technique shows an excellent performance for
the delineation of the tumor boundaries. The segmentation
result can be used in 3D reconstruction of the tumor by
computing the volume of the tumor. A physician can make
correct diagnosis depending on the variation of the tumor
volume. Table (1) shows the segmentation Accuracy (Acc.),
Sensitivity (Sens.), Precision (Pr.), F_Measure (F_M),
Matthews Correlation Coefficient (MCC), Dice (D), Jaccard
(J) and Specitivity (Spec.) numerical results on different image
modalities.

𝑇𝑃 ∗ 𝑇𝑁 − 𝐹𝑃 ∗ 𝐹𝑁
(17)
=
𝑠𝑞𝑟𝑡 𝑇𝑃 + 𝐹𝑃 ∗ 𝑇𝑃 + 𝐹𝑁 ∗ 𝑇𝑁 + 𝐹𝑃 ∗ 𝑇𝑁 + 𝐹𝑁
2 ∗ 𝑇𝑃
(18)
𝐷𝐼𝐶𝐸 =
2 ∗ 𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁
𝐷𝐼𝐶𝐸
(19)
𝐽𝐴𝐶𝐶𝐴𝑅𝐷 =
2 − 𝐷𝐼𝐶𝐸
𝑇𝑁
(20)
𝑆𝑝𝑒𝑐𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑁 + 𝐹𝑃
where TP is the true positive, FP is the false positive, TN is
the true negative, FN is the false negative.
Figure (2) illustrates a sample of the different modalities of
medical images, (a) is a sample of Us breast image, (b) is a
sample of X-ray (mammogram) image, (c) is a sample of CT
chest image, (d) is a sample of PET brain image and (e) is a
sample of MR brain image. Each of these images has two
major areas, a background region and a tumor region. Our aim
is to segment and extract the tumor from these images as

(a)
(b)
(c)
(d)
(e)
Fig. 2: A sample of the different modalities of medical images (a) Us image, (b) X-ray image, (c) CT image, (d) PET
image and (e) MR image.

(a)

(b)

(c)

(d)

(e)

(a)

(b)

(c)

(d)

(e)

(a)

(b)

(c)

(d)

(e)

(a)

(b)

(c)

(d)

(e)

(a)
(b)
(c)
(d)
(e)
Fig. 3: (a) The reference image, (b) The image after preprocessing stage, (c) FCM and stage image (d) Segmented
image after active contour and (e) The extracted tumor image.
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TABLE 1. PERFORMANCE EVALUATION METRICES OF THE PROPOSED TECHNIQUE ON THE DIFFERENT IMAGE MODALITIES
Image Modality
Us image
X-ray image
CT image
PET image
MR image

Acc.
0.9883
0.9971
0.9983
0.9985
0.9974

Sens.
0.9077
0.9951
0.9211
0.9702
0.9865

F_M
0.9512
0.8933
0.9378
0.9693
0.9721

MCC
0.9991
0.8104
0.9552
0.9684
0.9581

Pr.
0.9460
0.8967
0.9371
0.9685
0.9708

D
0.9512
0.8933
0.9378
0.9693
0.9721

J
0.9069
0.8072
0.8829
0.9404
0.9457

Spec.
0.9999
0.9971
0.9994
0.9992
0.9979

Fig. 5 (a) shows a sample of the reference images, fig.
5 (b) shows the noisy images, fig. 5 (c) shows the images
after pre-processing stage, fig. 5(d) shows the FCM and
morphological outputs, fig. 5(e) shows the segmentation
results of the ROI produced by active contour model (the
tumor is marked by a red contour) and fig. 5(f) shows the
resultant ROI images.

NOISE EFFECT ON THE SEGMENTATION PROCESS
It is well known that the distribution characteristics of
image data can be described by histogram. If the histogram
is uniform, it is difficult to perform a good and fast image
segmentation process. On the other hand, it is simple to
perform segmentation if the histogram has a number of
peaks. Fig. 4 shows an example for each image modality.
Speckle noise with 0.05 variance was added to the Us image
and Gaussian noise with 0 mean and 0.02 variance was
added to the other image modalities. The original image
histogram has one or two obvious peaks on contrary the
noisy image histogram, which has no obvious peaks.

Table 2 gives the performance evaluation metrices of
the proposed technique on different image modalities in the
presence of noise. Table (3) illustrates the execution time
(in seconds) of the proposed technique on the different
image modalities.

(a)

(b)

(c)

(d)

(a)

(b)

(c)

(d)

(a)

(b)

(c)

(d)

(a)

(b)

(c)

(d)

(a)
(b)
(c)
(d)
Fig. 4: Comparison of distributions of data for reference image and noisy image (a) Reference image (b) The reference
image histogram, (c) Noisy image and (d) Noisy image histogram
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(a)

(b)

(c)

(d)

(e)

(f)

(a)

(b)

(c)

(d)

(e)

(f)

(a)

(b)

(c)

(d)

(e)

(f)

(a)

(b)

(c)

(d)

(e)

(f)

(a)
(b)
(c)
(d)
(e)
(f)
Fig.5: (a) The reference image, (b) noisy image, (c) image after preprocessing stage, (d) FCM and morphological stage image ( e)
Segmented image after active contour segmentation and (f) The extracted ROI.

As shown in figures (3), (4) and (5), the technique
can segment the image and delineate the tumor boundaries,
effectively. Even in the case of segmentation of noisy
images, the technique can segment the image and extract the
ROI. Table 2 shows good accuracy and similarity results for
the undegraded and the degraded images, respectively. It is
obvious that combining FCM with the morphological
technique can improve the distribution of the image data to

apply the segmentation process. Morphological operations
can maintain the object boundaries and eliminate noise
effect. Based on the composition of erosion and dilation
processes, some reconstruction operators with stronger
filtering capabilities can be obtained, such as morphological
opening and closing reconstructions. The proposed
technique has a low complexity because the redundant
computation of distance is unnecessary as shown in Table 3.

TABLE 2. PERFORMANCE EVALUATION METRICS OF THE PROPOSED TECHNIQUE ON THE DIFFERENT IMAGE MODALITIES IN THE PRESENCE OF NOISE.
Image modality
Us image
X-ray image
CT image
PET image
MR image

Acc.
0.9887
0.9980
0.9983
0.9921
0.9937

Sens.
0.9119
0.9335
0.9211
0.7864
0.9644

F_M
0.9527
0.9205
0.9378
0.8322
0.9341

MCC
0.9975
0.9078
0.9552
0.8837
0.9057
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Pr.
0.9475
0.9195
0.9371
0.8296
0.9313

D
0.9527
0.9205
0.9378
0.8322
0.9341

J
0.9098
0.8526
0.8829
0.7126
0.8764

Spec.
0.9997
0.9988
0.9994
0.9973
0.9951

TABLE 3. THE EXECUTION CPU TIME (IN SECONDS) OF THE PROPOSED
TECHNIQUE ON THE DIFFERENT IMAGE MODALITIES.
Image Modality
CPU time (sec)

Us
2.7

X-ray
1.6

CT
1.3

PET
1.7

[4]

MR
1.4

[5]

It is easy to obtain good results for image segmentation
with the introduction of morphological operations and
membership filtering. The illustrated results show that the
proposed technique can segment and extract the tumor
region successfully even in the presence of different noise
types.

[6]

[7]

[8]

CONCLUSIONS AND FUTURE WORK
In this paper, a significantly fast and robust technique
for image segmentation has been proposed to improve the
segmentation quality and reduce the influence of image
noise. By introducing morphological operations, the local
spatial information of the image is utilized to improve the
segmentation effect. Because it is possible to suppress noise
while preserving the contour of objects, a trade-off has
easily been achieved between noise suppression and detail
preservation. Moreover, morphological operations are able
to provide good reconstructed results for images corrupted
by different types of noise. Furthermore, the FCM
membership filtering is employed to exploit the local spatial
constraints. Results illustrate that the proposed technique
gives good segmentation results without tuning parameters
for different modalities of medical images. The future work
will focus on the presentation of an efficient segmentation
stage,as well as, a classification stage for tumors in different
multi-modality medical images as a powerful tool for
identifying benign ultrasonic breast trumors from malignant
ones.

[9]

[10]

[11]

[12]

[13]

[14]
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