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Detecting liver abnormalities is a difficult task in radiation planning and
treatment. The modern development integrates medical imaging into
computer techniques. This advancement has monumental effect on how
medical images are interpreted and analyzed. In many circumstances, manual
segmentation of liver from computerized tomography (CT) imaging is
imperative, and cannot provide satisfactory results. However, there are some
difficulties in segmenting the liver due to its uneven shape, fuzzy boundary
and complicated structure. This leads to necessity of enabling optimization in
interactive segmentation approach. The main objective of reinforcing
optimization is to search the optimal threshold and reduce the chance of falling
into local optimum with survival of the fittest (SOF) technique. The proposed
methodology makes use of pre-processing stage and reinforcing meta
heuristics optimization based fuzzy c-means (FCM) for obtaining detailed
information about the image. This information gives the optimal threshold

value that is used for segmenting the region of interest with minimum user
input. Suspicious areas are recognized from the segmented output. Both public
and simulated dataset have been taken for experimental purposes. To validate
the effectiveness of the proposed strategy, performance criteria such as dice
coefficient, mode and user interaction level are taken and compared with state-
of-the-art algorithms.
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1. INTRODUCTION

The liver [1] is the second-largest internal organ in human body. It helps to keep the human body free
of toxins and toxic substances, helps to maintain body's metabolic balance. It is found in the abdomen upper
right quadrant and weighs one and a half kilograms. The liver has many activities, including blood filtration,
synthesis of protein, processing nutrients and fats, storing carbohydrates and transforming harmful substances
into water solvable compounds. It is additionally inclined to a few kinds of liver ailments. The World Health
Organization (WHO) [2] conducted statistical research on liver illnesses and concluded that it is one of India's
most common ailments. Liver diseases can be identified with different colors for example brown for fibrosis
yellow for fatty liver and blue for cyst.

Medical imaging [3] is a well-known technology used to view and examine the internal parts of the
human body. This imaging provides a detailed informative mapping of a subject’s anatomy. Because this
imaging is primarily utilized for diagnosis, it is also known as diagnostic imaging. To diagnosis a specific
problem in the human body, medical experts have used therapeutic hardware tools for image analysis. But
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advanced imaging hardware and information processing have led to many techniques to find liver disorder.
Additionally, imaging helps the Doctors to visualize and analyze the abnormalities in internal structures of
liver.

The manual segmentation [4] of the liver takes a long time to find abnormalities and less accurate.
Not only that segmentation results vary from experts to experts. Sometimes, human interpretation leads to false
positive error and increase the possibility of false identification of tumor. Hence segmentation of liver is a
fundamental step for the identification of liver syndrome, interpretation of complex interior structure and
volume measurement of liver. Thus, segmentation proves to be very valuable in this situation. So, there is a
demand of computer assisted system to extract the liver contour and to visualize the suspicious abnormal area
inside the contour region.

Researchers are still struggling with how to precisely partition the liver and tumor regions. Over the
years, researchers have produced enormous methodologies and approach to dissociate the liver and tumor from
abdominal computerized tomography (CT) scans. Diaz et al. [5] presented systematic summary to pick from
the variety of tools and platforms that are currently accessible to prepare medical images for developing or
deploying artificial intelligence (Al) algorithms. The accurate, automated, simultaneous segmentation of the liver
and hepatic tumors from CT images, [6] is suggested using a pipelined approach. The newly introduced structure
has three tiers that are pipelined together and provide dice similarity coefficients 93.5%. Elmenabawy et al. [7]
made attempt to explore the enhancements in classification accuracy. They have used a hybrid combination of
spatial domain and prior to feature extraction, wavelet filtering is applied to the images in order to improve the
accuracy.

Soft computing-based meta-heuristic optimization methods have also been the subject of extensive
research. An autonomous liver segmentation system was proposed by Wu et al. [8]. Their technique used
single-block linear detection algorithm (SBLDA) and produced liver segmentation with good execution time
for low contrast CT images. Ali et al. [9] presented a new strategy to address the challenge of liver segmentation
based on CT images using nature-inspired optimization. They have shown how segmentation can be resolved
by using nature-inspired algorithms. A computer aided detection (CAD) for CT images of abdomen was
presented in [10]. Sayed et al. [10] have developed a hybrid approach to lower the false positive error rate.
Mirjalili et al. [11] elongated an improvised grey wolf optimization strategy for biomedical issues and the
performance was contrasted with that of existing meta-heuristic optimization algorithms. Kumar et al. [12]
proposed different techniques to identify the region of interest. In [13], a pipelined structure was developed for
simultaneous segmentation of the liver and hepatics cancer images. In their work, Vo et al. [13] has used
multiple filters to extract multiple features. In [14], a new swarm intelligence information approach for skin
lesions segmentation have discussed for generating optimum segmentation that can be applied to a variety of
images with varying possessions and deficiencies using a multistep pre-processing stage. A unique automatic
liver segmentation approach was created in [15]. A smart operator was used for creating both the morphology
and the volume of the liver and this method was performed well, allowing for exact 3D liver segmentation.

As can be seen, there are various approaches for extracting the liver contour. For separation of liver
outline from CT scans of abdomen, a few of the techniques are addressed in the literature survey have used
prior information of the area concerned and a solitary segmentation method. Fake segmentation errors can
occasionally be produced by these means. The limitations of previous methods are discussed in the following
section, with how the suggested technique is used for liver and tumor separation in computer-assisted systems.
The following are some implications of liver segmentation issues: i) automatic liver segmentation is
challenging since the liver overlaps with nearby organs and its intensity is similar to that of other organs;
ii) to find the liver contour, existing approaches used pixel-based distribution; and iii) the majority of
researchers concentrated on a single segmentation technique; however, this technique was unable to address
complicated issues such patient-specific variations in liver shape.

The suggested study integrates machine learning with enhanced techniques to boost the effectiveness
of segmentation results. So, the main objective of the proposed work is “to develop optimized system to
delineate liver boundaries and to view the formation of tumor region in the liver in order to increase the
segmentation accuracy and predict the tumor/lesion growth in liver”.

The suggested solution is an improvement of our previous hybrid approach to the problem of liver
diagnostics [16]. We emphasized the significance of hybrid methods for extracting liver shape. As a result, in
this proposed solution, we stress the importance of bio-inspired optimization techniques to choose the best
threshold that radiologists can use in order to retrieve the liver shape. The steps of the suggested framework
are as follows: Figure 1 depicts the entire framework that includes data acquisition, preprocessing, combined
segmentation and optimization algorithm and post processing. Fuzzy c-means (FCM) is one of the most often
used segmentation algorithms, in which each item can belong to multiple groups (thus the term "fuzzy").
However, this technique is susceptible to falling into local minima when selecting the cluster center. The FCM
method is used with the grey wolf optimization technique to solve this flaw. This method is used to identify
the best threshold by optimizing the cluster center. This method provides interactive hybrid method to select
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the optimal threshold for the visualization of tumor contour in abdominal liver CT images. In hybrid
segmentation phase, we have focused on two approaches in order to study which hybrid method provides the
fine segmentation results.

A 4 Hybrid Segmentation
CT Image ]_Database (1. NS based FCM method
(Real and Simulated  [m—) Preprocessing 2.Grey Wolf Optimization
Image) ) based Clustering)
\

|

Liver contour Extraction

Tumeor Extraction

Validation and
Evaluation

Figure 1. Computer assisted tumor extraction framework

2. METHOD
2.1. CT image database

Two types of CT image database are used in this work. One is real-time database and another is
simulated database [17]. These images can be acquired in three different planes: sagittal, coronal, axial planes.
These planes are used to describe the position of body parts. This also helps to find the extent of disease in a
patient. Figure 2 shows image reconstruction plane of a patient and abdominal CT image view of all three
planes [18]. Figure 2(a) depicts the sagittal view and Figure 2(b) illustrates how coronal plane divides the
human body into front and rear. Figure 2(c) explains how the Superior and Inferior part of human body can be
viewed through Axial plane.

Coronal Plane
| 4 e
| ~ 1

i
|- Sagittal

'n

(b)

Figure 2. Image reconstruction (a) CT image view of 3 planes [18]-sagittal (b) coronal, and (c) axial

2.2. Preprocessing

Images of the abdominal region are captured by the CT scanner's that uses various sensors. These
images are completely corrupted and affected by various noises [19], [20]. Gaussian and poisson noise are the
two main sources of noise in CT imaging. Due to the combined effects of patient movement, insufficient sensor
temperature, and poor light level intensity during the acquisition process, Gaussian noise occurs more
frequently in CT images. The effectiveness of segmentation, feature extraction, and classification is impacted
by noisy images. Low-quality images are ineffective for computer assisted systems, which produces unreliable
results. Therefore, removing noise from abdominal CT scans is necessary for making the right diagnosis. In
this work, we have used a simple preprocessing algorithm to remove the noise. For this median filter is taken.
A median filter [21] is a nonlinear filter used for noise reduction. These filters are efficient in removal of noise,
blurring effect and preserve the edges of an image.
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2.3. Fuzzy c-means algorithm

The most well-known iterative clustering technique is FCM [22], [23]. The fuzzy c-means clustering
algorithm calculates the cluster canters and the membership matrix (UM), and then minimizes an objective
function J with regard to these cluster centers and membership degrees. Partitioning a set of data DX=DXj,
DXo....DXwm into 'C' number of clusters is the core idea. Based on the distance between the cluster and the data
point, this algorithm determines each data point's membership in relation to each cluster center. The Pseudo
code for FCM is given in Table 1.

Table 1. Pseudo code for FCM
Requirement: Decide the number of cluster C, the degree of fuzziness m>1 and error €
1. Initialize the center of the cluster CV{® and UM;@matrix.
2. Setk=1
3. At K step; Calculate the centers vectors CV® with UM®

@
v = ¥ UM DX,
TN, UMy
4. Update UM® and UM&+D
) @
UMij = 2
s ([ gly™
=1\ lx = CVll

5. If UM - UM®< e then stop. Otherwise return to step 3.

2.4. Neutrosophic sets (NS) based FCM method
2.4.1. NS image

The image pixel Im_Pi (m,n) is transformed into the Neutrosophic domain [24], [25] NSI_Do
(u,v) = {Tru (u,v), Inm (u,v), Fal (u,v)} where Tru (u,v),Inm (u,v),Fal (u,v) are the probabilities
belonging to the white set (object), indeterminate set (edge), and non-white set (background), respectively. The
block diagram of NS based FCM method is shown in Figure 3. NS image is described mathematically by the
(3) to (6).

— 9@WY)=gmin
Tru(u’ 'U) - Imax—9min (3)
_ 1 _ (Homwv)— Homuin)
Inm(u' 17) =1 (Homax — Homuin) (4)
Hom(u,v) = abs(g(u,v) — g(u,v)) (5)
Fal (w,v) =1—Tru(u,v) (6)

Obtain True and False FCM Thresholding
Image using Eq.3and 4
)
Find Binary image
Pre-processed | basedon True, false
Image and indeterminate

image

Obtain
“—| Indeterminateimage FCM Thresholding
using Eq.6 Post Processing

Figure 3. Block diagram of NS based FCM method
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2.5. Optimization based meta heuristics - grey wolf optimization (GWO) algorithm

Optimization based Meta heuristics algorithm [26]-[28] is used to determine the optimal solution of
the problem under consideration. Single solution-based and population-based algorithms are the two categories
under which this method falls. The first method starts with one solution and improves the accuracy of the
solution by means of the iteration process. The second category uses a set of solutions and improves the
solutions through a fixed number of iterations. In the proposed work, population-based algorithm is used.

Bio-inspired GWO algorithm is used as a clustering technique to segment liver contour in CT images.
Grey wolf algorithm has the advantage of being simple implementation, easy to program, and not requiring
specific inputs. Grey wolves exist in packs, each with an average of 5-10 members. The leadership hierarchy
is simulated using four varieties of grey wolves: alpha (o), beta (B), delta (8), and omega (). The alpha wolves
are the leaders, and their job to make decisions. Beta wolves are second-level wolves who assist alpha wolves
in making decisions or performing other tasks. Delta wolves carry out orders of alpha and beta wolves and can
also direct other underneath individuals. The omega wolves are in charge of leading the hunt (hunting) while
the other wolves follow. Encircling, hunting, and attacking are the three steps of hunting behavior.

Grey wolves' mathematical formulation is utilized to construct social hierarchy behavior. The alpha
represents the best fittest solution. The second and third fittest solution is beta and delta. There are multiple
steps in grey wolf optimization before the prey is caught. In order to search the prey, random initialization of
grey wolves in the search space is made. Following the detection of prey, the encirclement of prey begins. The
mathematical aspects of encirclement are as (7) and (8).

D=Cx Xprey_pgs(t) - Xgrey_vp (t) (7)
X(t + 1) = Xpreyﬁpos(t) —AD (8)

where ‘t” denotes the current iteration, X, ¢y pos(t) is the prey’s position vector and Xgy¢y 4p(t) is grey wolf
vector position. The coefficient vectors A and C are provided by (10).

A=2arl—a;C=2r2 (10)

where r1 and r2 are random vectors selected from the range [0, 1] and over the period of iteration, the value
of ‘a’ decreases linearly from 2. The implementation flowchart is shown in Figure 4.

Initialize the maximum iteration and Search
agent

v

Initialize a, A and C. Find Xalpha,Xbeta and
Xdelta

v

Fitness Evaluation

v

Calculate the best solution near to prey using
Eq.17

!

Update position of each wolves using Eq.11-16

v

Update coefficient A, a and C using Eq.9-10

Is Stopping
Criteria match?

Display optimize Parameter

!

Apply FCM Thresholding

A

Liver Contour Extraction

Figure 4. Implementation procedure of GWO based clustering
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In hunting process, the best solutions from alpha, beta and delta are saved and the omega wolf update
their positions in accordance with the best hunting solutions.

Daipha = |C1 - Xaipna (£) = Xgrey vp(0)] (11)
Deta = |C2 - Xpeta(t) = Xgrey vp ()] (12)
Daeita = |Cs - Xaerra(t) — Xgrey vp | (13)
X1p = Xaipha(t) — A1Dgipha (14)
Xop = Xpeta(t) — A2Dpeta (15)
X3p = Xaeita(t) — A3Dgeirq (16)
X(t + 1) = Aptteptisp (17)

3

where X, ., (t) indicates the grey wolf vector position while Dg;ppq » Dpetar Daeirq are distance between a,
B and & wolves with other individuals. Xg1pnq (£), Xpeta (t), Xaereq (t) are the positions of alpha, beta and delta
wolves at the iteration of ‘t’.

2.6. Liver contour and tumor extraction

The output of optimization method is a binary image. Later, post processing [29] is applied on this
image to get the final segmented liver contour. The largest connected components are found, and the remaining
gaps are filled using morphological processing. By overlaying the original image on the contour, we can
determine the region of interest. By multiplying the liver mask with the original image, the liver region is
created. In case of Tumor extraction, each pixel in the coarse segmentation output is binarized using dynamic
thresholding, and a decision is made whether the pixel is tumor or normal.

3. RESULTS AND DISCUSSION

The proposed task is carried out using the MATLAB software with the system specification of
1.8 GHz processor and 2 GB of RAM. A real axial CT images are taken for experimental analysis and
discussion. The proposed work runs for 60 datasets. The experimental results are discussed with different
segmentation methods. The shape of the liver is complex, so some of the conventional methods fail to segment
the liver contour. This conventional method needs more user interaction to segment the region of interest. The
proposed methods overcome the drawbacks of the existing methods by combining one or more segmentation
algorithms. The Neutrosophic set based FCM thresholding, utilizes a 3 class of FCM thresholding to obtain the
binary image of the liver contour. Figure 5 illustrates the various processing steps in NS based FCM method.
Figure 5(a) explains the preprocessed image and Figures 5(b) to (d) shows the different steps in NS based
algorithm. Liver mask is shown in Figure 5(e) and superimposed image in Figure 5(f).

Totally three binary images are obtained after FCM thresholding of true, false, and indeterminate
images. All these images are combined to get final binarized image. The largest region is identified, and liver
mask is obtained. Using this mask, area of the pixels within the region has been calculated. This area calculation
is compared with ground truth obtained from the experts. After finding the area of liver contour, volume
measurement of liver has been calculated. The outline of liver contour is delineating.

In optimization-based liver segmentation, optimal cluster center is calculated using grey wolf method.
In this method, we are reinforcing the importance of optimization approach to extract the liver contour. Reason
of choosing this optimization method because of simple principle, easily way of implementation process, a
smaller number of parameters. Firstly, the true image from NS domain has been taken for experiment analysis.
These clusters are used to get the optimum threshold. These thresholds are used to segment the liver contour.
Followed by this, area of ROI and volume measurement has been calculated. For implementation, we used the
following parameters: number of iterations=15, fuzziness=2, cluster centers=3, number of search agents=20
for optimization-based liver segmentation.

Figure 6 shows the output of optimization-based liver segmentation with preprocessed image in
Figure 6(a). The results of true image in Figure 6(b) and binarized images in Figure 6(c). ROI and final liver
mask are depicted in Figures 6(d) and (e). Superimposed image is outlined in Figure 6(f). By looking at the
segmented output of all the methods, optimization-based liver system gives fine results. But the eye of the
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mind recommends that optimization results are commendable in contrast with all other methods. This inference
is completely based on visualization. A few more sample images and results for both the methods are shown
in Figure 7. Liver with tumor contour is highlighted in Figure 7(a). Tumor region is delineated in Figure 7(b)
with depth of tumor are point up in Figure 7(c). To analysis and visualize the tumor region in detail, contour
labeling is done using MATLAB software. In contour labeling, x axis and y axis represent column and row
pixel values.

Delineation
problem

(d)

Figure 5. Results of NS based FCM thresholding method; (a) preprocessed image, (b) appropriate
(true image), (c) false mage, (d) indeterminate image, (e) liver mask after LCC and post processing,
and (f) superimposed image

(d)

Figure 6. Results of optimization-based liver segmentation; (a) preprocessed image, (b) appropriate
(true image), (c) binarized image after GWO and FCM, (d) ROI, (e) liver mask after LCC and post
processing, and (f) superimposed image

To understand the best segmentation method, following performance measures [30], [31] are done
and this analysis applicable for both normal and abnormal images. The dice coefficient is the most often used
performance metric for evaluating the accuracy in segmented medical images. These metrics reveal the level
upon which segmented picture "A" and expert-manually segmented image "M" overlap and resemble one
another. Performance discussion might also include true positive rate and misclassification rate. These
measurements are based purely on how often pixels appear in the common region. Sensitivity and recall are
other names for true positive rate. And the reverse of true positive rate is misclassification rate.

Table 2 explains the performance of optimization-based grey wolf optimization-based liver
segmentation (GWOLS) with NS based FCM. The average accuracy of both the methods are same in terms of
dice coefficient and the true positive rate. From the table it can be inferred that the lower the misclassification
rate, better is the segmentation results. The quantitative results of both the methods are relatively similar. But
the NS based method lightly squeezed the contour sketch of region of interest and obtained the accuracy of
90.9% whereas optimization based GWOLS achieved the accuracy of 92.23% and comparative analysis are

Int J Elec & Comp Eng, Vol. 13, No. 4, August 2023: 4076-4086



Int J Elec & Comp Eng ISSN: 2088-8708 O 4083

shown in Figure 8. Figure 8(a) represent the performance measure in terms of dice coefficient with true positive
rate in Figure 8(b). The performance of proposed method is verified with different liver image dataset taken
from [32]. Both real and simulated liver dataset are taken for validation.

input image Liver with tumor contour

tumor Region

(b)

contour labelling of Tumor Region

180

160
140

120

- &

60

yaxis-pixel value

40

20

20 40 60 80 100 120 140 160 180 200
xaxis-pixel value

(©)

Figure 7. Visualization of tumor region: (a) liver contour with tumor, (b) extracted tumor region, and
(c) contour labeling of tumor region

Table 2. Performance of NS based FCM and optimization based GWOLS

Database NS Based FCM Method Optimization based GWOLS
Dice TPR MCR Dice TPR MCR
DB1 0.923 0.901 0.099 0.941 0.917 0.083
DB2 0.902 0.897 0.103 0.903 0.92 0.08
DB3 0.916 0.895 0.105 0.913 0.9927 0.073
DB4 0.898 0.907 0.093 0.922 0.928 0.072
DB5 0.896 0.899 0.101 0.934 0.932 0.065
Avg 0.909 0.899 0.102 0.9226 0.924 0.075
Performance measure based on dice Performance measure based on True
coefficient Posistive Rate
0.96 1.05
= 2
o 094 ? . g 1
()
= - -
g 8 L 011 Sl NN NN
O g H Z By BE OB b Y 08 S B B
DB1 DB2 DB3 DB4 DBS = DB1 DB2 DB3 DB4 DB5
Database Database
# NS Based FCM Method # NS Based FCM Method
“ Optimization based GWOLS % Optimization based GWOLS

Figure 8. Comparative analysis using (a) dice coefficient and (b) true positive rate
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Table 3 shows the computation time of both the algorithms. The performance of GWOLS was
compared with NS based FCM and the results revealed that both the methods achieved the same accuracy but
the computational time of GWOLS was more when compared to NS based FCM. But GWOLS method
provides optimum results and takes less user interaction to segment the liver contour as well as tumor.

Table 3. Computation time of NS based FCM and optimization based GWOLS

Database NS Based FCM Method Optimization based GWOLS
Dice Time (Sec) Dice Time (Sec)
DB1 0.923 33.87 0.941 54.28
DB2 0.902 32.11 0.903 60.45
DB3 0.916 33.26 0.913 71.23
DB4 0.898 32.96 0.922 62.89
DB5 0.896 33.12 0.934 61.34
Avg 0.909 33.064 0.9226 62.038

Table 4 provides the segmentation mode and the interaction level of each algorithm. It can be observed
that dice coefficient of the proposed method is superior to that of other works. The mode explains segmentation
process whether the technique is manual or semi or fully automatic. Interaction level helps to find the
computation time spend by the user. This decides how much time user interaction is required. So, the proposed
method comes under fully automatic technique with low interaction level. This method can delineate liver
boundaries and found to be efficient than other state of the art methods.

Table 4. Segmentation mode and the interaction level of different techniques

Techniques Mode Interaction level Dice Coefficient (%)
Level set Semi High 70
Region growing Semi Medium 84
FCM Auto Medium 87
K-means +LS Auto Low 88.32
Proposed Method Auto Low 92.23

4. CONCLUSION

This paper presented optimization-based segmentation method to traced the liver boundaries
automatically. Whereas user based manual tracing takes more time nearly 30 to 45 minutes on average to trace
the liver contour for calculating the liver volume. Sometime manual tracing gives subjective results and
accuracy depends on radiologist’s whether experienced or non-experienced. So, there is a demand of computer
assisted system for extraction of liver contour to visualize the suspicious abnormal area inside the contour
region. The proposed work helps to detect the liver as well as tumor region. In future, the proposed work can
also be applied for other types of medical images and also optimization algorithm can be used in preprocessing
and classification phase to get the accurate results.
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