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Abstract: Image processing is one of the most important fields to replace non-invasive diagnosis in Hepatocellular
Carcinoma (HCC). Liver segmentation is one of the main processes in the detection of many liver diseases non-invasively.
Accurate liver tumor segmentation is of great importance in tumor detection and localization. This paper proposes an
integrated hybrid fully automatic method for tumor segmentation for abdominal 2D CT scans together with the detection of
tumor main parameter (size, percentage to the liver and safe area). The proposed FSPRG method uses the Fuzzy C-means
method as a first step, followed by a complementary region-growing method that builds its knowledge on the Fuzzy C-
means stage. After tumor segmentation process finishes the main parameters of tumor are calculated using Laplacian of
Gaussian (LOG) curve. The whole process is applied to a set of 2D CT of primary diagnosed HCC patients and the
proposed algorithm. Results show that the proposed integrated method succeeds in segmenting the tumor region from the
liver.

Keywords: medical image processing, HCC, computed tomography, Fuzzy C-means, Region growing, Laplacian of
Guassian.

easy. There are many methods that have been used in many
tumor segmentation techniques specially those of liver, one
of these methods is the clustering-based method which is
one of the famous grey-level-based methods [14].

Clustering is one of the most active research areas in the
machine learning domain [22-25] and plays a significant
role in many applications such as medical diagnosis.
Generally, in clustering based methods the main concept is
that given a space with n-dimension feature that is divided
into classes and the members of the classes is determined
according to the distance between them. If the distance
between the samples of the space and the center of a
specific class is shorter than the distance to the centers of
the other classes then they belong to the same class. The
samples of the same classes have higher similarity between
each other than between members of other classes. Fuzzy
C-Means (FCM) clustering and k-means clustering are
generally the main two methods based on the clustering

1 Introduction

liver cancerous cells are that cells that grow in an
abnormally and uncontrolled way. Liver cancer causes the
liver not to function in a normal way which makes it one of
the most life-threatening diseases in the world. Invasive
techniques are the most wide world techniques that are
used for accurate diagnosis for the disease avoiding the
noninvasive techniques like biopsy that causes pain and
medical complications for some patients [12]. Medical
image processing is one of the most popular techniques
that are used for accurate diagnosis of the disease. In
medical image processing, the intensity similarity between
the tissues in the abdominal Computed Tomography (CT)
images is the most challenging problem in tumor
segmentation process. This similarity problem makes the
process of generating a fully automatic algorithm for tumor
liver segmentation from 2D CT challenging and not that
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which is used on the segmentation of the liver [1]. As any
clustering-based method [1,3], the Fuzzy FCM method has
its own advantages and disadvantages. The main advantage
is that it can manage the process of segmentation fully
automatically without any need to any intervention. On the
other hand, the results of FCM may contain many false
positive regions due to the intensity similarity between the
tissues of the liver and the lesions that aimed to be
extracted. The need for post processing after applying the
FCM is an imperative issue. The improvement of the
results of the FCM method for segmentation has been an
active field for the researchers in the past few years either
by improving the FCM method itself or by integrating
FCM and other methods for more accurate segmentation
results. For example, in [4] the authors proposed a new
fuzzy level set algorithm that used FCM method integrated
with level set as initial function, the proposed algorithm
proved the ability of boundary of interest approximation. A
new extended FCM algorithm was innovated by the
authors in [5] for image segmentation, where the results
were also used as an initial parameters of level set contour
and the results were promising. An approach of liver
tumors detection and segmentation was proposed in [6],
where the authors used FCM method as a second stage that
will be used as an intermediate stage before the tumor final
detection stage that used DRLSE (Distance Regularized
Level Set Evolution) and the results proved the
effectiveness of their approach. In [7] the authors proposed
an integrated hybrid method which integrates cuckoo
optimization and fuzzy c-means algorithm with random
walkers algorithm. The proposed integration proved its
effectiveness through the results.

This paper introduces a hybrid integrated approach for
finding a completely automatic way for solving the
problem of tumor liver's pixels acquisition from a
segmented liver CT medical image and finding the
parameters of the segmented tumor (height and width)
together with predicting the safe area surrounding the
tumor. The paper will be organized as follows: Section 2
introduces the proposed fuzzy seeded point region growing
method (FSPRG). Section 3 represents the experimental
results and dataset description that will be used. The paper
will end up with a conclusion in section 4.

2 Proposed Fuzzy Seed Point Region Growing
Method (FSPRG)

This subsection of the work first starts by reviewing the
main methods that are used in the introduced algorithm.
The main frame of fuzzy c-means algorithm that is used as
the initial step of the proposed algorithm as a primary step
for tumor segmentation is explained. The region-growing
algorithm that is used in the proposed algorithm to improve
the results of segmentation is explained. The framework of
the proposed FSPRG method will be proposed with an
illustrated example.

2.1 Fuzzy C-means Method

The main idea of FCM is the membership degree which is
that every point in the space belongs to all defined classes
with a specific membership degree other than belonging to
a unique specific class[2,4]. The fuzzy C-means algorithm
is explained in [3] as follows: The main aim of the Fuzzy
C-means algorithm is to minimize the objective function
(O¢) which is stated in equation (1).
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where, D is the number of pixels of the image, N is the
clusters number, m is a fuzzy partition matrix exponent for
controlling the degree of fuzzy overlap, xi denotes the

image pixel number i, Cj is the cluster number j and pjj' is
the degree of membership of point x; in cluster ¢; .

The fuzzy C Means algorithm clusters the input data by the
following steps as shown in figure 1.

Defme number of clusters ¢

an
Threshold criteria €

l

Randomly initialize
random centers of
cluster C;

compute the membership
matrix pg using equation Eq.2

2

update the centers of the
<*—| clustersusingEq.3

threshold
satisfied €

Fig. 1: Flow chart of fuzzy C-means Algorithm.

First: the initialization step, where an initial clusters
centers are chosen, then the initial membership value is
calculated for each pixel to determine the initial
membership degree of each point in the input data to each
cluster center using Eq. (2), finally, the initial objective
function is calculated using Eq. (1). Second: After the
initialization step the new centers will be calculated, the
new membership values for each input is calculated for the
new clusters using Eq. (3) which will leads to a new
objective function value. Third: the new clusters is
updated, the membership of each pixel is calculated with
respect to the centers of the new clusters and the new
objective function will be calculated using the updated
information. The update step is repeated until the
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conversion satisfies the following conditions either the
number of iterations is reached or the objective function
(O¢) is improved less than a specific threshold.

ui]’ = 2 (2)
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2.2 Region-Growing Method

The idea of region-growing means comparing the
intensities of the neighboring pixels of a specific point
called seed point and add them to the region of interest if
the distance between the seed point and its neighbor is with
a specific threshold. The comparison is repeated until a
specific threshold is reached. The region-growing
algorithm was first explained by Adams and Bisch of in
[11] where the algorithm was explained as follows: the
region-growing algorithm starts by selecting a seed point,
this seed expresses the initial region which is composed of
one or more points and is represented by the set Ai, where
i=1,2,....n where n is the number of pixels in the initial
selected region. let T be the neighbors set that represents
all neighbors to at least one element in Ai (the initial
defined region) and is represented by Eq. (4).

T={x¢UL A:N® N UL, A }. 4

In equation (4), N(x) represents the immediate neighbors
of the pixel x. After defining the set T an examination step
is done testing if the neighbors of each x belong to T, this
step will be done one after another in turn. In the case that
N(x) intersects region Aj, 6(x) a similarity difference
between x and the intersecting region is calculated using
Eq. (5).

8() = | g — meanyep G}, )

where g(x) is the grey level value of the point x and
"mean" will be the average of all pixels y of the same grey
level. In the case of intersecting N(x) with more than a
region then Aj will be considered fulfilling §(x) to the
minimum. Repeatedly, each pixel x€ T will have a value 9.
The last step of the algorithm will be appending every
pixel z in T that satisfies Eq. (6) to the region is alternative
to 8(z), where 8(z) has the smallest similarity difference to
pixel x that belongs to the set T.

8(z) = minyer{8(x)} (6)
The new state of the region Aj is considered as the input

for the new iteration. This process is repeated until all
image pixels are examined.

2.3 FSPRG Method

In the proposed tumor segmentation technique, due to the
similarities of the intensities of the liver tissues and the
tumor the Fuzzy C-Means clustering technique has not
been enough for complete accurate tumor segmentation
from segmented liver 2D CT images. A supplementary
method has been obligatory for accurate tumor extraction.
In the proposed work, region growing has been chosen to
accomplish the tumor extraction work after applying Fuzzy
C-means algorithm as a primary step of the fuzzy seeded
region-growing method.

Given an image of size 256x256 where the image
represents a primary HCC infected image, the image is
prepared to apply fuzzy C-means method on it by defining
the number of clusters. By studying the histogram of the
image in Fig. 2, it is shown that the intensities of the image
are classified in to mainly 3 clusters. The first cluster
represents approximately the background tissues, the
second cluster represents approximately the tumor tissues
and the last cluster represents approximately the liver
tissues.
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Fig. 2: Image Histogram.

After defining the number of clusters, the initial clusters'

centers are chosen. Clusters centers are chosen
approximately from the histogram. The first cluster is the
background intensity region which is the regions of the
image that almost have zero intensity, the second is the
liver intensity region which is determined by the help of
the seed point explained in [10] and the last cluster center
is chosen randomly that should determine the tumor pixels
region. The fuzzy c-means algorithm is applied to the
image to divide it into three clusters as shown in Fig. 3
using the selected initial cluster's centers. The clusters
region is presented by the bright pixels in the image. Fig.
3(a) represents the original image of the infected liver, Fig.
3(b) represents approximately the background likely pixels
cluster, Fig. (c) represents approximately the tumor likely
pixels cluster and Fig. (d) represents approximately the
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liver likely pixels cluster.

As shown in Error! Reference source not found., the i
mage that represents the likely tumors pixels is chosen to
continue in the procedure, where some morphological
operations which are image filling, image erosion and
image filtering. All were applied to the selected image for
enhancement as shown in Error! Reference source not f
ound.5. After applying morphological operations the
number of objects in the image is calculated.

The expected result is one of the following cases, the first
case is that there is no object that is detected in the image
so the liver is tumor free. The second case, there is only
one object in the image which may indicate that there
exists a lesion in the liver. The final case, there is more
than one object in the image which may indicate that the
liver contains more than one lesion. In the second and third
cases there is further work to be done. In the case of only
one object the center of the object is detected and used as
an accurate seed point for the region-growing algorithm
otherwise in the case of more than one object as shown in
Error! Reference source not found.5(c) there may be FP (
false positive) pixels detected. Another round of filtering is
needed to be sure of the results and then the centers of all
the objects is defined for accurate region growing for each
object. In the case of the illustrated example after applying
another round of morphological operations the false
positive pixels where eliminated and the resulted image is
given in Fig6. Fig.6: Case study (1) after applying
another round of morphological operations.6: Case
study (1) after applying another round of morphological
operations, this illustrates that there is actually only one
object that has been found and the center of that object is
detected for accurate region-growing step as the results
shown in Fig. 7. The results are enhanced and post
processed by some morphological operations for the final
results in Fig. 8 which represent the tumor in grey level.

(a) original image (b) first cluster

(c) second cluster (d) third cluster

o

Fig. 3: Case study (1) Three Clusters of the image.

After the tumor is segmented from the liver the area of the
tumor is calculated from the binary image for further
assessment of the tumor and size of the tumor with respect
to the liver size that is calculated using the following
formula in equation (7)

(a) (b) (c)

Fig. 5: Case study (1) after morphological operations.

Fig.6: Case study (1) after applying another
round of morphological operations.

Fig. 7: Case study (1) after region growing.

Fig. 8: Image of segmented Tumor.

2.4 Tumor Parameters and Safe Area

area of segmented tumor

Tumor size % = — *x 100 (7
total area of segmented liver

For the purpose of computing the diameter of the tumor a
laplacian of Gaussian (LOG) curve as a template mask is
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used to compare all the intensities in the image of the
segmented liver. Followed by 2-D convolution that
convolves the image with the template, this aims to find all
the points which correspond to the template mask. Then,
the maximum points that represent the point of edges are
calculated and are plotted as shown in figure 9(a) where,

the edge of the segmented liver is well defined. The
diameter of the tumor can be computed approximately by
knowing the width and height of an ellipse drawn to the
edges of the tumor as shown in figure 9 (b).

(@ (b)

Fig. 9: Segmented tumor detected edge.

One of the important measurements that is combined with
the tumor assessment is the safe area which is the area that
contains the neighboring cells of the tumor that have high
probability to be affected by the tumor cells [19-21].
Estimating the safe area or the neighbor cells to the tumor
cells plays an important role in reducing the spread of the
tumor. In addition, knowing the safe area helps in further
assessment of the texture of the area around the infected
liver cells. To achieve tumor's safe area, as shown in figure
10 the same process has been applied using a smaller
template mask to result in an image with three layers
detected the first layer is the tumor layer, the second is the
tumor edge layer and the third is the intermediate
intensities between the liver pixels and the tumor pixels.

50 100 150 200 260

(@ (b)

Fig.10: Segmented tumor detected safe area.

3 Experimental Results

This subsection of the work is divided into three parts as
follows: First, a brief explain of the data set is used in this
work. Second, the results of the proposed work is
discussed. This subsection ends up with a comparison of
the proposed work with other related methods.

3.1 Data Set

In this proposed work we have used a testing data set of 14
CT of primary diagnosed HCC patients images. 10 images
of the data set are taken from an online reference for
infected liver imaging called liver imaging Atlas [18] and
the other 4 2D CT images are taken from [13] and are used
for testing and comparing the proposed algorithm. The
format of all taken images is JPG and of size 256x256,
where each image represents the extracted liver of one
patient. The images are preprocessed to segment the liver
from the whole 2D CT images by [10].

3.2 Results of Applying FSPRG Algorithm to the
Dataset

This proposed work is coded using MATLAB R2013b on
hp ProBook 4540s. Each image of the dataset is
experimented for 10 times to be sure of the results. The
data set is divided into two sets. The first set is 4 images of
low contrast, where the liver pixels and the tumor pixels
have very likely intensities as shown in Fig. 11. The
second set is the set of images that are of high contrast,
where there is a remarkable difference in intensities
between the liver and the tumor as shown in Fig. 12. In
Fig. 11 and Fig. 12, pl..p10 represents the 10 images of
different patients. Results of the work are first compared to
the results of the fuzzy c-means algorithm and the
comparison is done with the two sets. The comparison of
applying the FCM algorithm and FSPRG algorithm using
the set of low contrast images is listed in Fig. 11 where,
Fig. 11(a) represents the image of the segmented liver
image. Fig. 12 (b) represents the image of the segmented
tumors using only FCM. Figure 12(c) represents the results
of the proposed algorithm FSPRG. The FCM algorithm
alone has not been able to completely segment the tumor
region from the liver while the FSPRG algorithm has
succeeded to segment the tumor region from the liver.

The comparison with the set of 6 high contrast images is
listed in Fig. 12. The proposed algorithm is also tested with
a liver image that is pre-diagnosed with severe HCC as
shown in Fig. 12 case P10. The liver contains more than
one tumor in different areas. The proposed method has
succeeded to segment the tumors accurately as shown in
Fig. 12(c).The quality metrics of images approximation are
calculated for the 10 images, where two values are
concluded. First, the peak signal-to-noise ratio, PSNR ,
where the graph in Fig. 13 shows that the proposed FSPRG
algorithm has higher PSNR than the FCM algorithm
compared to the original manual extracted tumors. Second,
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the mean square error, MSE, where the proposed algorithm
FSPRG has lower MSE than FCM algorithm.

P1

P2

P3

P4

(a) (b) (c)
Fig. 11: Four different patient case studies with high image contrast.

P5

P6

P7

P8
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Fig. 13: peak signal-to-noise ratio, PSNR.

The results are also compared with the work done in [13],
where KFCM (kernel fuzzy C-means) is introduced to
segment and measure the tumor area from segmented liver.
The comparison is done on images proposed by [13] and
the results of the comparison are shown in Error! R
eference source not found.15. The comparison shows that
the KFCM algorithm segmented a noisy tumor area as
shown in Error! Reference source not found.15(c) c
ompared to the results of the proposed FSPRG algorithm
that shows its effectiveness for tumor segmentation in
Error! Reference source not found.15(b) while Error! Re
ference source not found.15(a) shows the images of the
segmented liver that are used in the comparison. The
quality metrics of images approximation are calculated for
the 4 images, and the results are shown in Error! Reference s
ource not found.. The graph shows that the proposed
algorithm FSPRG has higher PSNR and similarly lower
MSE than KFCM.

3 Tumor Parameter Results

(b)

Fig. 12: Six different patient case studies with low image contrast.

The incoming figures show the effectiveness of the
proposed FSPRG method in calculating tumor diameter
and safe area. Figures 18 to 20 show obtained result. The
tumor classification stages of case study P1 is illustrated in
Fig. 18 where, Fig. 18(a) represents the segmented liver
image, Fig. 18(b) represents the image of the segmented
tumor, Fig. 18(c) represents the calculated height and
width of the tumor. Fig. 18(d) represents the three RIO
(inside tumor region, border tumor region and safe area
tumor region) and the calculated height and width of safe

arca.
P2

| n -
P4 n - -
(a) (b) (©

Fig.15: Four test cases for comparing FSPRG and KFCM.

P1
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On the same way the case study illustrated in Fig. 19
where, Fig. 19(a) represents the segmented image, figure
19(b) represents the segmented tumor, Fig.19(c) represents
the tumor height and width while, Fig. 19(d) represents the
safe area dimensions.

357

(a)segmented liver (b)segmented tumor

30

——Psnr_FRG

15 _ (c) tumor (d) safe area
Panr_KECM Width(~2.8cm) Width(~1cm)
. Height(~1.5cm) Height(~0.6cm)

Fig.19: (Case study 2): Tumor classification
stages.

i i P3 P4 Another case study is explained in Fig. 20. Fig. 20(a)
represents the segmented liver, figure 20(b) represents the
segmented tumor, 20(c) represents the computed
dimensions of the tumor and in figure 20(d) represents the
dimensions of the safe area and the three detected regions.

Fig. 16: peak signal-to-noise ratio, PSNR.

(a)segmented liver (b)segmented tumor

(a)segmented liver (b) segmented tumor

(c) tumor (d) safe area
Width(~3cm) Width(~1.2cm)
Height(~1.4cm) Height(~0.5cm)
(c) tumor (d) safe are : . . ; ;
width(~3.4cm) width(~0.8cm) Fig. 20: (Case study 3): Tumor classification stages.
height(~1.3cm) Heght(~0.5cm )

Fig.18: (Case study 1):Tumor classification stages. A comparison was done between the dimensions of the

tumor resulted by FSPRG and the dimensions of the tumor
computed manually and the results was as follows:
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@) ®)
Original Tumor
width(~3.5cm)
height(~1.4cm)

FSPRG tumor
width(~3.4cm)
height(~1.3cm)

(b)
FSPRG tumor
Width(~2.8cm)
Height(~1.5cm)

(a
Original Tumor
Width(~2.9cm)
Height(~1.6cm)

@ (b)

Original Tumor FSPRG tumor
Width(~3cm) Width(~3cm)
Height(~1.5cm) Height(~1.4cm)

Fig. 21: comparison between original tumor
dimentions and FSPRG tumor dimension.

The comparison in figure 20 shows three case studies for
comparing manual and FSPRG computed tumor
dimensions. Also the whole data set entered the
comparison and the results have shown that our proposed
method has succeeded to compute the segmented tumor
dimensions approximately compared to manual dimensions
by 98%.

4 Perspectives

The accuracy of the tumor segmentation from image of
segmented image plays an important role in accurate
diagnosis of the disease. In this paper we have proposed an
integrated hybrid FSPRG algorithm that accurately
segments tumors from the liver to be able to calculate the
tumor dimensions together with defining the safe area. The
experimental results show that our approach is adequate
and achieves high accuracy in segmenting the tumors from
the liver when compared with the segmentation results of
FCM and KFCM especially in case studies with poor

intensities or high noise densities. The average PSNR has
been improved from 15.81064 to 20.97258 and the MSE
has been reduced in an inversely proportional manner from
2.08E+03 to 7.64E+02. In addition, the results of
comparing the manually-detected tumor dimensions
(height and width) are compared to the tumor dimensions
resulting from the proposed FSPRG. Results show that this
automatic method achieves accurate dimensions for 98%
of the case studied. For future work, the ROIs detected in
the stage of contouring the safe area will be used for
texture analysis for the purpose of tumor classification
either malignant or benign.
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