
Journal of Pharmaceutical Negative Results ¦ Volume 14 ¦ Regular Issue 02 ¦ 2023 

 
2908 

 

 
 

MODIFIED WHALE OPTIMIZATION ALGORITHM 

AND MINIMUM CROSS ENTROPY BASED 

SEGMENTATION OF CT LIVER IMAGE 
 

Ramanjot Kaur1, Baljit Singh Khehra2 

 
1Research Scholar, Department of Computer Science and Engineering, I. K. Gujral Punjab Technical University, Jalandhar. 

jot_klair@yahoo.co.in 
2Department of Computer Science and Engineering, Baba Banda Singh Bahadur Engineering College, Fatehgarh Sahib 

baljitkhera740@gmail.com 

 

DOI: 10.47750/pnr.2023.14.02.345 

 

 

 

In the modern healthcare system, the segmentation process is really helpful to aid in the diagnosis process.  In this paper, the 

efficient metaheuristic approach - Modified Whale Optimization Algorithm and Minimum Cross Entropy (MWOA & MCE ) 

based multilevel thresholding is proposed for segmentation of the computer tomography (CT) liver image. Segmentation of 

liver cyst image is the main objective of this paper, which will assist doctors to diagnose liver cysts. The results of 

segmentation of CT liver images are compared with other algorithms, Teaching-Learning-based optimization algorithm, Jaya 

algorithm and Genetic algorithm, to evaluate the efficiency of the MCE & MWOA approach. Different performance 

calculating methods like Uniformity, Structure Similarity Index (SSIM), Root Mean Square Error (RMS Error), Rand Index 

(RI), Execution time, Variation of Information (VoI) and Peak Signal-to-Noise Ratio (PSNR) are assessed from an original 

and resultant image. In comparison to other algorithms, the proposed method's findings demonstrate that the MCE & 

MWOA algorithm achieve accurate and efficient segmentation results. 

 

Keywords Whale optimization Algorithm, Entropy, Threshold, Liver, Cyst, Image Segmentation. 

 

INTRODUCTION 

The second-most significant organ in the human body is the liver. A major problem of the liver is cyst. It grows 

slowly and is not detected till maturity. The cyst is basically a nonstandard sac that is filled with fluid [1]. The 

identification of liver issues is greatly aided by the diagnosis of cystic lesions. The liver contains a variety of 

cyst forms. There are several benign or malignant cysts. Numerous diagnoses of abdominal imaging modality 

are used for detection of these types of diseases like Magnetic Resonance Imaging (MRI), Computer 

Tomography (CT), X-rays, Ultrasound (US), etc. Surrounding tissues are similar to tumors, so it is difficult to 

diagnose[2]. Detection arises two main challenges: one is to differentiate if the lesion is either benign or 

malignant. Second one is, if diagnosing the same is cost efficient, accurate and safe [3].  The technique of image 

segmentation is a significant component of image processing. After preprocessing, an image is segmented. 

Image segmentation divides the complete image into several segments to clearly identify every part of an image. 

There are several image segmentation algorithms in the image processing field like thresholding, region 

growing, split and merge, k means clustering and many more hybrid methods. Thresholding is one of the highly 

recommended methods which give better results. Thresholding is basically dividing the whole image according 

to its intensity value. Thresholding is of many types in which the number of thresholds are selected: in bi-level 



Journal of Pharmaceutical Negative Results ¦ Volume 14 ¦ Regular Issue 02 ¦ 2023 

 
2909 

 

one threshold is selected, in three-level two thresholds are selected, in four-level three thresholds are selected 

and by increasing the number of thresholds the level also increases. Optimization technique refers to the best 

possible solutions in case of maximization or minimization. Soft computing is an emerging field in the era of 

science. Artificial neural networks [4], Evolutionary computing[5], Fuzzy logic[6][7] and Particle swarm 

intelligence are the main fields of soft computing.  

The development of metaheuristic algorithms increases day by day. Each algorithm gives better performance. 

Many optimization algorithms developed in past years are based on animal, bird, and human behavior. Human 

behavior algorithms are those which mimic the behavior of humans and their examples are Genetic algorithms, 

Tabu search, Harmony Search (HS) and many more. A Teaching-Learning-Based Optimization (TLBO) method 

is based on the teacher-student learning process [8]. The TLBO algorithm was proposed by Rao [9]. Animal and 

Bird’s behavior are those which are based on natural phenomena of the searching food process of animals, birds 

and other species. Numerous algorithms and their improved or enhanced methods are proposed to find out 

optimal results. Ant Colony Optimization(ACO), Biogeographical based optimization, Particle Swarm 

Optimization (PSO), Artificial Bee Colony Optimization(ABCO), Ant Lion Optimization(ALO), BAT 

optimization, Island BAT optimization, Grey wolf optimization, Whale optimization algorithm, Monkey Search, 

Cuckoo search algorithms, etc. are a few examples of metaheuristic algorithms.  

Karaboga proposed the Artificial Bee Colony (ABC) metaheuristic algorithm[10]. This reduces the bee colony's 

behavior. It uses three types of bees, worker, spectator and bee groups; they find new sources of food by 

working together in groups. The food source is a solution in the optimization model. Yang[11] described Firefly 

Algorithm (FF) : Firefly  community utilizes firefly brightness as a strategy to be a focus on low brightness; this 

means that fewer bright fireflies will fly to the brightest. The hybrid method proposed for image segmentation is 

considered, at the initial step consistently generating a population from random clustering solutions and then for 

better results use an evolutionary algorithm. The Fuzzy C-Means (FCM) procedure was applied to get final 

segmentation results in every iteration. FCM and better Biogeography Based Optimization (BBO) versions were 

combined for image splitting[12]. 

Thulasidass[13] proposed a method to segment the liver tumors using median filter and watershed segmentation. 

Anter et. al deployed a hybrid approach which combines the fuzzy method and Particle swarm intelligence 

applied for accurate segmentation of liver tumor [14]. The Feature difference method was implemented to 

enhance the accuracy by 98.6% while classifying the liver lesions [15].  For accurate segmentation of liver and 

their tumors, a deep learning approach was applied on CT liver images [15]. For diagnosis of liver cancer, the 

Convolution neural network based method was implemented by Wu [16]. Improved DA (IDA) is used for the 

color image. Optimal threshold values were calculated using Minimum cross entropy and Ostu’s method [17].  

Multilevel thresholding identifies appropriate threshold values for optimizing entropy criterion or between-class 

variance. Optimizations similar to these used nature -inspired metaheuristic algorithms. The Crow search 

algorithm was proposed for finding optimal values of multilevel thresholds using Kapur’s entropy [18]. 

Fireworks algorithm was developed for solving multilevel image thresholding problems.  This is a significant 

problem because it is often used in image processing for image segmentation purposes, right from the era when 

the count of sufficient threshold combinations increases rapidly with respect to the number of required 

thresholds [19].  Non-extensive Tsallis entropy, along with an image-inspired firefly algorithm was employed 

for segmentation by multi-thresholding [20] . In Modified grasshopper optimization, multilevel Tsallis cross-

entropy reduces the complexity[21]. In Image segmentation, the most important segment is multilevel 

thresholding. Still, the complexity of computation of multilevel thresholding grows rapidly as the number of 

thresholds increases. Khairuzzaman et al.[22], proposed a new approach GWO (Grey Wolf Optimizer) to 

address the weakness of multilevel thresholding. This method is based upon the social behavior of gray wolves 

and their methodology of hunting.  Multilevel image thresholding is an extensible approach used for the 

segmentation process [10][23] . Detection of brain tumor with the help of Whale Harris hawk optimization 

algorithm was proposed by Rammurthy et al. [24]. 

An enhanced method of WOA in a combination of multilayer perceptron networks proposed for selecting 

optimal features and classification by removing background [25]. With the help of WOA, the multi-objective 

function problem is solved by considering the problem as multilevel thresholding [26]. Edges are formed by the 
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pixels where intensity values change significantly. The whale optimization algorithm was also used for edge 

detection in the field of image processing [27]. The hybrid model is proposed using WOA and multilevel 

thresholding, divided into two parts: one is preprocessing and the second is the segmentation of the vessel, for 

extracting vasculature in retinal fundus images [28]. The comparison was done between antlion optimization 

and whale optimization for image segmentation process using multilevel thresholding [29]. Abdalla et. al [30] 

proposed a WOA for image segmentation using clustering and morphological operations to get better results of 

liver detection. Low pass filters designed using Whale optimization algorithm[31][32]. Rohit et al. [33] 

discussed various improved versions of WOA. Yan et al. proposed an enhanced approach of whale optimization 

for global optimization[34]. In a paper [35], Sayed et. al proposed an analysis of breast cancer facts by using a 

combination of clustering and bio-inspired methods i.e. Moth Flame Optimization (MFO) and Whale 

Optimization Algorithm (WOA). Evaluation is based on two criteria: clustering and statistics respectively. 

Nature-inspired two algorithms MFO and WOA are implemented with the help of histogram in segmentation of 

image to find out optimal value of thresholding at multilevel[36]. Despite the fact that many research papers on 

image segmentation have been published, this is still a complex process[37]. A modified version of the whale 

optimization approach is used to achieve accurate segmentation. The CT scan image of the whole abdominal is 

segmented using the proposed method (the Minimum Cross Entropy based Modified Whale Optimization (MCE 

& MWOA) algorithm). The proposed approach is compared against the teaching-learning-based algorithm, jaya 

algorithm, and genetic algorithm, which are all well-known optimization algorithms. TLBO is inspired by the 

teacher student learning process. In this process students learn things in two phases, one is the teacher and the 

other is the student phase. In the teacher phase, students learn under the guidance of the teacher. In the second 

phase, a student learns by itself or with the help of the other students. The optimal result is found out with the 

help of both phases. TLBO technique is used for getting good results for segmentation [38]. Jaya algorithm [39] 

is based upon the criteria to find the global best solution.  In addition to the global solution in Jaya algorithm, it 

also neglects the worst solution.  In the Genetic algorithm, the optimal value is evaluated by applying the 

methodology of biological evolution [40][41]. Various approaches based upon genetic algorithms have been 

used for multilevel medical image segmentation [42]. Comparison of the MCE & MWOA approach with the 

other three algorithms is conducted to check the efficiency of the MCE & MWOA approach in case of 

segmentation of image. In this paper, the whole CT scan image of the abdomen of a human is used. Although 

many algorithms have been developed till now for various medical images, there is still a need for better 

optimization algorithm for liver cyst detection. The purpose of the proposed approach is to segment the liver 

image i.e. left side of the abdominal image. To get some useful information from the CT Liver image, the 

proposed approach segments the CT Liver image. The next section illustrates the minimum cross entropy 

technique. Cross entropy is minimized to produce reliable results.   Thereafter the various steps of the proposed 

approach (MCE & MWOA) and performance metrics are explored in detail. In the last section, the description 

of the experimental setup and the outcomes from all approaches, including the resulting segmentation images 

and their fitness evaluation, the performance measure values in tabular form, and their graphical depiction. 

 

OBJECTIVE FUNCTION 

Let FN(x, y) is a digital image function with size m*n where FN(x, y){0,1,2,3…….,u,…..Imax} is a value of 

the pixel having gray level value  with coordinate position (x, y) and x{1,2,3……m} and y{1,2,3,…..,n}, 

Imax+1 be the gray levels of an image having a range from 0 to Imax. Let the frequency of occurrence of u gray 

level value in a digital image denoted by hu and pu=hu/(m*n) is the possibility of occurrence of gray level u in 

the image [43]. 

Cross entropy is defined as a measure of closeness between two sampling distributions. Assume that W={w1, w2 

, w3,.........,wn} and Z={z1,z2 ,z3,……...,zn} are two probability distributions that are defined  for the equal set of 

values. The Cross Entropy between these two is defined as [43][44]. 

n w
iET (W,Z)= w logc i zi=1 i

                                                                                                                 (1) 
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To calculate cross entropy, firstly select the level of image segmentation which depends upon the number of 

threshold values. The threshold value T1 [0, Imax], (Imax=maximum value of gray level), is selected in case 

of bi-level image segmentation which segments the image into two regions. These are: Background (BG) and 

Target (TG). Let segmented image gT1 (x, y), FN(x, y) is an original image, L is a segmented region, following 

is the description of each pixel that either pixel (x, y) belongs to BG or belongs to TG regions  

     

     

gT1 x, y L 0, T1              FN x, y  =<T1

gT1 x, y L T1+1, Imax      FN x, y T= 1

=

>

  

  

                                                                                                   (2) 

where   

B upuu=AL(A,B)=
B p

uu=A




 

A=minimum gray level value; 

B=maximum gray level value; 

For Background region upu, where u = 0, 1, 2, 3,.., T1, is a probability distribution that belongs to the 

background region of the input image. L (0, T1) pu, where u= 0, 1, 2, 3…, T1, is the distribution of probability 

of gray level values of background region (BG). Cross entropy of BG region of an input image is described as 

upuT1ET (T1)= up logc,BG uu=0 L(0,T1)pu

                                                                                                    (3)                                                                           

For target region upu, where u = T1 + 1, T1 + 2,… Imax , is a probability distribution belonging to the target 

region of the input image region . L (T1 + 1, Imax) pu, where u = T1 + 1, T1 + 2,...., Imax is a probability 

distribution of the gray level values of the TG region. Cross entropy of TG region of an input image is described 

as 

 
 

u=Imax upuET T1 = up logc,TG u L T1+1,Imax pu=T1+1 u

                                                                                      

(4) 

Total Cross Entropy by combining the equations (3) and (4)   

     ET T1 = ET T1 + ET T1   c c,BG c,TG
                                                                                               (5)                                                                                       

 
   

T1 Imaxup upu uET T1 = up log + up logc u uL 0,T1 p L T1+1,Imax pu=0 u=T1+1u u

   (6) 

 
   

T1 Imaxu u
ET T1 = up log + up logc u uL 0,T1 L T1+1,Imaxu=0 u=T1+1

                                                                         (7)  

     
T1 T1 Imax Imax

ET T1 = up logu- up log L 0,T1 + up logu- up log L T1+1,Imaxc u u u u
u=0 u=0 u=T1+1 u=T1+1

         

       (8) 

     
Im 1 Im

ET T1 = up logu- up log L 0,T1 - up log L T1+1,Imaxc u u u
0 0 1 1

ax T ax

u u u T

        
   

                              (9)                                                                                                               
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The main aim of segmentation is to find minimum variance among original image and segmented image. Select 

the optimal number of thresholds which minimizes the total cross entropy. 

 ImaxT1=arg min[ET T1 ]T1 c
                                                                                                                     (10) 

Where 

u

u

=

p loguu

Imax

0
   is a constant term in an equation (9). 

 After the knowledge of constant term Objective function is   

T1 Imax
Obj(T1)=- up log[L(0,T1)]- up log[L(T1+1,Imax)]u u

u=0 u=T1+1
                                                                     (11) 

 
T1 Imax

Obj T1 =- up log - up l

T1 Imaxup upu uu

u

ogu u Imax p=0 u=T1+1 u

=0 u=

=

T

1

1

+

+1
T1 p

uuu 0 1= T

   
    
      

 
                                              (12) 

B B
0 1K (A,B)= p andK (A,B)= upu u

u=A u=A
                                                                                        (13) 

By putting these values equation (9) become 

1 1(K (0,T1)) (K (T1+1,Imax))1 1Obj(T1)=-K (0,T1)log[ ]-K (T1+1,Imax)log[ ]
0 0(K (0,T1) (K (T1+1,Imax))

                                             

(14) 

Equation (14) uses the above mentioned function for bi-level image segmentation[44]. 

For n-level image segmentation 

       
    

    

1n K T j-1 ,T1Obj T1,T2,….T n-1 =- K T j-1 ,T log
0K T jj

j
j

-1 j,T=1

 
 
 
 

                                                           (15) 

 

PROPOSED APPROACH MCE & MWOA 

The proposed approach is based upon the WOA algorithm. The proposed strategy was influenced by a 

metaheuristic whale optimization method. Basically Whale optimization algorithm is based upon whale hunting 

method. Exploration and exploitation process is applied in respective methods; two methods are applied - one is 

encircling prey and the second is spiral updating position. Both methods have 0.5% probabilities each. In this, a 

complete process of WOA algorithm [45] is used except the last step where any whale search agent goes beyond 

the boundary then amends that whale search agent in whale population. The starting step of the proposed 

approach is to select the size of the population in which a random population is generated. A number of decision 

variables (d) are also decided before the calculation of the fitness value of each agent or whale. Choose a 

maximum number of iterations for the whale optimization algorithm. After that apply the minimum cross 

entropy objective function as discussed in section 2 for computing the best fitness value and also the best 

location for the whale. Then update the values of different parameters used in the WOA algorithm so that a new 

location of a whale is generated. Then find out the fitness of the updated whale search agent and the process will 
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continue till it gives good results. Using the best fitness value, two threshold values are selected. Constraints of 

the proposed approach are given below 

● 0 ≤T1, T2≤Imax.   {T1,T2 are the two threshold values, Imax=255} 

● 0 ≤T1 ≤T2≤Imax. 

These two threshold values segment the CT liver image into different parts. This is followed by post processing 

to find the final binary image. The whole process is given below: 

 

Table 1: Algorithm for MCE & MWOA 

 1 Generate a random whale population (pop) and select the whale population's initial size (popsize) Decision 

variable (d), and iterations (it). Where i=1,2,3,...,n, pop(i) 

 2 Employing the minimum cross entropy approach as the objective function. 

 (each whale's fitness value)        
    

    

1n K T j-1 ,T1Obj T1,T2,….T n-1 =- K T j-1 ,T log
0K T jj

j
j

-1 j,T=1

 
 
 
 

  

3 Choose the whale's best location 

start clock 

While condition (it< maximum iteration) 

For each whale  

Update the parameter values At
uur

, CV
uuur

, l, and p using the following equations. 

At
uur

=2*a′*r-a′ 

CV
uuur

=2*a′ 

a′=2 to 0 

r=rand[0,1],  l=rand[-1,1],  p(probability) 

  Ifcondition1 ( p < 0.5) 

 If condition2 (abs ( At
uur

) < 1) 

 updating the location of the current whale using equations (16 & 17) 

X'(t+1)=X'new(t)-At*Dist
uuuuuuur uuuuuuuuur uur uuuur

                                                                                                     (16) 

  D |CV*X'new(t)-ist=   X'(t)|
uuur uuuuuuuuur uuuu uuur ru

                                                                                                    (17) 

else ifcondition2 (abs ( At
uur

) >=1) 

Choose a random whale's location. 

Updating the location of the current whale using equations (18 & 19) 
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X'rand(t+1)=X'rand(t)-At*Dist''
uuuuuuuuuuuur uuuuuuuuur uur uuuuur

                                                                                            (18) 

Where 

(D tis )t'' |CV*X'rand -X' |=  (t)  
uuur uuuuuuuuuru uuu rr uuu uu

                                                                                                                                        (19) 

 end of ifcondition2 

 else ifcondition1 (p>=0.5) 

Updating by using equation (20 & 21) the current whale location 

 

b'lX'(t+1)=Dist'* *cos(2πl)+X'new(t)e
uuuuuuur uuuur uuuuuuuuur

                                                                                                                     (20) 

Dist'=X'new(t)-X'(t)
uuuur uuuuuuuuur uuuur

                                                                                                                                                     (21) 

end of ifcondition1 

end for condition 

By using the minimum cross entropy approach as the objective function, determine each whale's fitness. 

If better results found then update whale 

Increment the iteration by 1 

end of while condition 

end clock 

4 Choose two threshold values using the best cost. 

 5 Using the selected threshold values, segment the image. 

6 To achieve better results, post processing is used to the segmented image. 

7 Convert resultant image into Binary image. 

8 Exit 

 

PERFORMANCE MEASURES 

In this paper, various performance measures are used to test the efficiency of the proposed method. The details 

of each performance measure are given below. 

1. Uniformity 

A value between 0 and 1 represents uniformity. It determines an image’s quality. Good image quality can be 

inferred from a high value for uniformity. Below is the formula for the uniformity measure. 

 

 

2c f -uiÎR i ij=0 j
U=1-2*c*

2
N* f -fmax min

 

                                                                                                    (22) 
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where N and c represents number of pixels and thresholds, respectively, Rj indicates the segmented region for  j 

pixels, fi shows each pixel level in that segment, i represents  mean of all the gray level values of those pixels, 

fmin and fmax least and highest grey levels in image, respectively[46]. 

 

2. Structure similarity index (SSIM)  

The similarity between the source image and the segmented image is determined by the structured similarity 

index. Each block in the image is partitioned into an even m number of blocks. More efficiency is achieved by a 

higher SSIM value. 

2 2 2 2SSIM=(2 +C1)(2 +C2)/( + -C1)( + -C2)μ μ μ μσ σ σIII I I II I
                                                                                  (23) 

 

Table 2:  Variable description of equation (23) 

 Source image  Segmented image 

Mean value 
I

  I
  

Standard deviation 
I  I  

Cross correlation 
I I  

Constants   C1,C2 [47] 

 

3. Peak Signal-to-Noise Ratio (PSNR) 

Using PSNR as a measure, one can also evaluate an image's quality. As the PSNR value rises, image quality 

improves. 

2255
PSNR=10*log (dB)

MSE

 
  
 

                                                                                                                    (24) 

Using the following equation, Mean Square Error (MSE), is calculated.

21 QPMSE= {w(i,j)-w(i,j)}
i jP*Q

                                                                                                          (25) 

Where w(i,j)and w(i,j)  represents segmented image and the source image, respectively. Number of pixel 

in a source image are represented by P*Q [47].  

Root mean square error (RMSE): RMSE value is evaluated from the MSE value. The square root of MSE 

provides the RMSE value [36].                                                  

      
2QP

,R /w Pi, *j - wMSE= Q

i j

i j                                                                                                    (26)          
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4. Rand Index 

 Assume that the S1 and G are two segmentations, S1 is a test and G is ground truth segmentation [48]. For 

evaluation of the Rand Index (RI) between these two segmentations equation (27) is used.  

   
2

2n 20.5 n + n - ni i j iij ij ij2
a+b

RI= =
na+b+c+d

2

  
                    

 
 
 

                                                                   (27) 

 

Table 3: Equation (27) Variables description 

Number of pairs of elements in S1 a b c d 

Belong to Same set in S1 U,V - U V 

Belongs to Different set in S1 - U,V V U 

 

Number of objects defined by n which belongs to i and j cluster in U and V set respectively. Binomial 

coefficient is defined by n/2 [49] .      

 

5. Execution time  

The execution time is also used as the performance metric to assess the efficiency of the proposed methodology.  

It is a time complexity that measures the time it takes for a program to run in seconds. Efficient algorithm is one 

which takes less time to compute anything.                            

 

6. Variation of Information  

Lowering the value of variation of information increases the performance of the image. Another performance 

parameter used in this paper is Variation of Information (VoI). It measures the amount of randomness in 

segmentation. Figure 1 depicts the graphical representation of VoI and its related quantities.                 

 

Figure 1:  The variation of information and related quantities 

 

                                                                                                                                                               (28) VoI(c,c')=H(c)+H(c')-2I(c,c')
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Where ( )H c , ( ')H c  and  ( , ')I c c are the cluster c entropies and mutual information  I [49]. 

 

EXPERIMENTAL SETUP AND RESULTS ANALYSIS 

The specifications of experimental setup used for the implementation of the proposed approach are mentioned 

below 

● Operating System: Windows 7, 64 bit.   

● Software  for implementation : MATLAB R2013a  

● Processor : Intel Core (TM) i3 CPU 

● RAM : 3.00 GB 

● Images for testing: Thirty computer tomography scanned (CT) images of the whole abdominal. 

● Format of images: Joint photographic experts group (jpeg) and portable network graphics (png). 

● Number of Images = 15.  

● Population size=10 and maximum number of iterations=100.  

● Decision variables = 2, used to select two threshold values to segment the whole image.  

The details of the experimental findings are covered in this section. The obtained results of the proposed method 

are compared with the well-known optimization methods   Teaching-learning-algorithm, Jaya algorithm and 

Genetic algorithm. This comparison is being done to analyze the efficiency and visual quality of the proposed 

method. The key objective of this paper is to segment the image of the entire abdomen, which will assist doctors 

to diagnose liver cysts. Red color arrow indicates the liver cyst (refer to figure 2 (a)-(c)[50][51]) in each image. 

Figure 3(a)-5(a) shows the original CT images of the liver and their histograms are represented in Figure 3(b)-

5(b). The segmentation results obtained by the proposed method using multilevel thresholding are shown in 

Figure 3(c)-5(c) and also their fitness evaluation are depicted in figure 3(d)-5(d). The segmented results 

obtained by TLBO based method and their fitness evaluations are shown in figure 3(e)-5(e) and figure 3(f)-5(f) 

respectively. Figure 3(g)-5(g) show the segmentation result obtained by Jaya Algorithm and figure 3(h)-5(h) 

depicts their fitness evaluation. The segmentation results and fitness evaluation of the Genetic algorithm are 

shown in Figure 3(i)-5(i) and Figure 3(j)-5(j) respectively.  In all segmented images, the proposed approach 

gives better and accurate visual quality compared to other three methods. The cyst portion indicated by red 

arrows in Figure 2(a)-(c) is clearly highlighted in each segmented image obtained by the MCE & WOA 

algorithm.  

 

Figure 2(a)-(c): Original liver CT scan images. The hepatic cyst is indicated by the red arrow. 
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Figure 3(a): Original CT Image of Liver. (b) Histogram plot of original image. (c) Fitness evaluation using 

proposed algorithm. (d) Segmented resultant image using proposed algorithm. (e) Fitness evaluation using 

multilevel thresholding based on TLBO algorithm. (f) Segmented resultant image using multilevel thresholding 

based on TLBO algorithm. (g) Fitness evaluation using Jaya algorithm. (h) Segmented resultant image using 

Jaya algorithm. (i) Fitness evaluation using Genetic algorithm. (j) Segmented resultant image using Genetic 

algorithm. 
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Figure 4 (a): Original CT Image of Liver. (b) Histogram plot of original image. (c) Fitness evaluation using 

proposed algorithm. (d) Segmented resultant image using proposed algorithm. (e) Fitness evaluation using 

multilevel thresholding based on TLBO algorithm. (f) Segmented resultant image using multilevel thresholding 

based on TLBO algorithm. (g) Fitness evaluation using Jaya algorithm. (h) Segmented resultant image using 

Jaya algorithm. (i) Fitness evaluation using Genetic algorithm. (j) Segmented resultant image using Genetic 

algorithm. 
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Figure 5 (a): Original CT Image of Liver. (b) Histogram plot of original image. (c) Fitness evaluation using 

proposed algorithm. (d) Segmented       resultant image using proposed algorithm. (e) ) Fitness evaluation using 

multilevel thresholding based on TLBO algorithm. (f) Segmented resultant image using multilevel thresholding 

based on TLBO algorithm. (g) Fitness evaluation using Jaya algorithm. (h) Segmented resultant image using 

Jaya algorithm. (i) Fitness evaluation using Genetic algorithm. (j) Segmented resultant image using Genetic 

algorithm. 

   

     (a)[54]                                                                 (b) (c) 
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ratio (PSNR), Execution time, Rand Index (RI) and Variation of Information (VoI). Table 4 shows the threshold 

values computed by the proposed method and other three algorithms. The bold values in Table 5-11 indicate that 

the proposed technique gives better results than other algorithms. Table 5 describes the values of uniformity 

measure (by all methods) between an original image and a resultant image. Higher the value of uniformity, 

higher is the performance of a particular segmentation method. In maximum cases, the proposed approach 

0 50 100 150 200 250 300
0

0.002

0.004

0.006

0.008

0.01

0.012

0.014

0.016

0.018

VALUES OF GRAY LEVEL

P
R

O
B

A
B

IL
IT

Y

 HISTOGRAM FOR ORIGINAL CT LIVER IMAGE



Journal of Pharmaceutical Negative Results ¦ Volume 14 ¦ Regular Issue 02 ¦ 2023 

 
2921 

 

provides higher values of uniformity than the other algorithms. The number of cases is given in Table 6 which 

contains the minimum value of RMSE by the proposed method. A minimum value of RMSE describes the 

efficiency of a particular algorithm. Table 7 shows that the SSIM value of the proposed approach is better in 

most cases than other methods. The high value of PSNR shown in Table 8 indicates that the proposed approach 

performs well. Execution time is observed less to compute the threshold values by the proposed method, and is 

shown in Table 9. This shows that the proposed method is much more efficient than the other methods. Table 10 

depicts that the Rand Index (RI) [49] values obtained by the proposed approach is higher in all cases which 

indicates the superior performance of the current approach. For better performance of segmentation results, VoI 

value should be minimum and the outperformance in terms of minimum value by the proposed method can be 

seen from Table 11. Illustration of the values of each performance measure is shown in Figure 6-12. From the 

above result analysis, it is concluded that the proposed method is observed to be more accurate and efficient for 

image segmentation than the TLBO method, Jaya Algorithm and Genetic Algorithm.   

 

Table 4:  Values of Threshold obtained from different methods. 

Image no. Proposed method TLBO based method Jaya  Algorithm GA  Algorithm 

1 28,104 26,159 26,155 110,242 

2 44,151 14,92 23,255 93,163 

3 44,151 10,93 17,255 118,140 

4 62,114 10,79 19,243 107,210 

5 39,119 49,114 16,255 36,91 

6 62,114 10,79 29,236 76,79 

7 40,137 28,140 20,223 132,166 

8 44,110 18,107 20,212 190,243 

9 40,74 18,103 30,255 140,222 

10 39,119 10,112 26,255 165,205 

11 86,167 15,105 15,104 95,186 

12 62,114 7,65 18,255 66,134 

13 98,131 53,119 29,234 46,195 

14 83,137 61,149 16,240 141,184 

15 71,178 32,127 8,255 96,106 

     

Table 5: Values of Uniformity obtained from different methods. 

Image no. Proposed method TLBO based method Jaya Algorithm GA Algorithm 

1 0.9505 0.9710 0.9708 0.9377 

2 0.9763 0.9728 0.9414 0.9737 
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3 0.9674 0.9666 0.8340 0.9474 

4 0.9703 0.9656 0.9197 0.9449 

5 0.9582 0.9593 0.8381 0.9450 

6 0.9675 0.9552 0.8486 0.9376 

7 0.9722 0.9693 0.9204 0.8739 

8 0.9571 0.9529 0.8970 0.7925 

9 0.9255 0.9467 0.8424 0.8999 

10 0.9422 0.9407 0.6970 0.9129 

11 0.9815 0.9684 0.9682 0.9762 

12 0.9720 09586 0.8966 0.9703 

13 0.9758 0.9503 0.8961 0.9504 

14 0.9701 0.9431 0.9283 0.8969 

15 0.9530 0.9755 0.9262 0.9299 

 

Table 6: Values of RMSE obtained from different methods. 

Image no. Proposed  

method 

TLBO based method Jaya  

Algorithm 

GA Algorithm 

1 95.15 95.15 95.16 95.48 

2 95.48 95.22 95.43 95.40 

3 97.25 97.93 97.81 98.29 

4 99.20 99.30 99.21 99.80 

5 111.58 111.66 111.12 111.78 

6 82.12 83.26 82.78 82.86 

7 105 105.75 105.36 105.84 

8 119.12 119.80 119.13 119.23 

9 112.03 112.90 112.31 112.74 

10 143 143.25 143.58 143.07 

11 111.56 111.57 111.57 111.85 

12 78.02 78.02 77.96 78.30 

13 124.72 124.71 124.70 124.71 

14 114.19 114.21 114.24 114.20 
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15 99.45 99.47 99.56 99.78 

 

Table 7: Values of SSIM obtained from different methods. 

Image no. Proposed method TLBO based method Jaya Algorithm GA Algorithm 

1 0.9786 0.9751 0.9751 0.9223 

2 0.9836 0.9918 0.9866 0.9887 

3 0.9787 0.9951 0.9719 0.9819 

4 0.9773 0.9837 0.9661 0.9275 

5 0.9577 0.9593 0.9513 0.9608 

6 0.9802 0.9667 0.9643 0.9891 

7 0.9805 0.9798 0.9839 0.9241 

8 0.9682 0.9651 0.9736 0.9450 

9 0.9672 0.9540 0.9648 0.9289 

10 0.9321 0.9278 0.9600 0.9325 

11 0.9784 0.9946 0.9946 0.9825 

12 0.9871 0.9917 0.9790 0.9868 

13 0.9686 0.9886 0.9558 0.9280 

14 0.9396 0.9844 0.9610 0.9493 

15 0.9380 0.9608 0.9420 0.9315 

    

Table 8: Values of PSNR obtained from different methods. 

Image no. Proposed method TLBO based method Jaya Algorithm GA Algorithm 

1 8.5626 8.5626 8.5617 8.5325 

2 8.5325 8.5562 8.5371 8.5398 

3 8.3730 8.3125 8.3231 8.2806 

4 8.2005 8.1918 8.1996 8.1481 

5 7.1790 7.1728 7.2149 7.1635 

6 9.8418 9.7220 9.7720 9.7639 

7 7.7070 7.6451 7.6772 7.6378 

8 6.6111 6.5616 6.6103 6.6030 

9 7.1441 7.0769 7.1224 7.0892 
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10 5.0240 5.0087 4.9889 5.0198 

11 7.1806 7.1798 7.1798 7.1580 

12 10.2866 10.2866 10.2933 10.2555 

13 6.2120 6.2127 6.2134 6.2127 

14 6.9782 6.9767 6.9744 6.9774 

15 8.1787 8.1769 8.1691 8.1499 

 

Table 9: Values of Execution time obtained from different methods 

Image no. Proposed method TLBO based method Jaya  Algorithm GA Algorithm 

1 0.0128 1.0063 1.7835 0.0197 

2 0.0299 4.7283 2.8434 0.0385 

3 0.0264 3.3607 4.4609 0.0270 

4 0.0314 1.8742 1.7189 0.0320 

5 0.0269 1.7153 1.1953 0.0743 

6 0.0768 7.4831 8.1901 0.0769 

7 0.0188 0.3939 0.8288 0.0221 

8 0.0121 1.3131 1.0256 0.0195 

9 0.0247 1.7641 3.4689 0.0288 

10 0.0330 7.0065 1.5749 0.0389 

11 0.0311 4.4523 6.4348 0.0316 

12 0.0507 8.7567 2.7227 0.0659 

13 0.0167 6.9895 1.0963 0.0453 

14 0.0178 1.9689 2.6088 0.0181 

15 0.0188 1.8443 6.0740 0.0313 

 

Table 10: Values of RI obtained from different methods. 

Image no. Proposed method TLBO based method Jaya  based 

Algorithm 

GA Algorithm 

1 0.6544 0.5000 0.5000 0.5807 

2 0.6022 0.5336 0.5062 0.5857 

3 0.6692 0.5909 0.5028 0.9002 

4 0.7005 0.5013 0.5816 0.5143 
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5 0.5082 0.5001 0.5061 0.5022 

6 0.6195 0.5424 0.5229 0.5424 

7 0.5949 0.5736 0.5014 0.6184 

8 0.6531 0.6258 0.6336 0.6442 

9 0.7521 0.5422 0.6394 0.6039 

10 0.5096 0.5043 0.5014 0.5572 

11 0.6940 0.5262 0.5257 0.6218 

12 0.7934 0.5944 0.5092 0.7200 

13 0.8997 0.5077 0.5523 0.5138 

14 0.5056 0.5027 0.5012 0.6076 

15 0.5189 0.5009 0.5029 0.5178 

 

Table 11: Values of Variation of Information (VoI) obtained from different methods 

Image no. Proposed method TLBO based method Jaya Algorithm GA Algorithm 

1 0.8778 1.1308 1.1308 1.0049 

2 0.8814 0.9865 1.0270 0.9072 

3 0.7954 0.9236 1.0578 0.3345 

4 0.7014 1.0133 0.7020 0.9945 

5 0.9882 0.9999 0.0845 0.9882 

6 0.8453 0.9642 0.9931 0.9642 

7 0.9220 0.9555 1.0651 0.9847 

8 0.8542 0.9002 0.8871 0.8636 

9 0.6284 0.9742 0.8224 0.8793 

10 0.9907 0.9984 0.9999 0.9993 

11 0.7473 1.0166 1.0173 0.8680 

12 0.5486 0.8920 1.0208 0.6841 

13 0.2988 0.9888 0.9282 0.9799 

14 0.8369 0.9867 0.8503 0.8435 

15 1.0219 1.0485 1.0714 1.0287 
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Figure 6:  Illustration of Uniformity values obtained from different methods 

 

 

Figure 7: Illustration of Root mean square error values obtained from different methods 

 

 

Figure 8:  Illustration of Structured Similarity Index (SSIM) values obtained from different methods 
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Figure 9:  Illustration of PSNR values obtained from different methods 

 

 

Figure 10:  Illustration of execution time values obtained from different methods 

 

 

Figure 11:  Illustration of Rand Index (RI) values obtained from different methods. 
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Figure 12:  Illustration of Variation of information (VoI) values obtained from different methods. 

 

 

CONCLUSIONS AND FUTURE SCOPE 

In this study, the accurate segmentation of CT scan liver pictures is accomplished using a modified whale 

optimization and minimum cross entropy. For this, 15 liver CT scan images are segmented using the proposed 

method. Three optimized algorithms—TLBO, Jaya, and Genetic Algorithm (GA)—used for diverse disease 

diagnosis purposes are compared to the outcomes of the proposed approach. The proposed approach segments 

the CT scan liver image quite accurately when compared to the other three optimization algorithms, as shown by 

all of the segmented images that were produced in terms of visual quality. The resultant images will be highly 

useful for doctors to diagnose liver cyst disease. In the maximum cases, the proposed method yielded higher 

values of the structure Similarity Index (SSIM), Peak Signal-to-Noise Ratio (PSNR), Rand Index (RI), and 

uniformity measures than the TLBO algorithm, Jaya algorithm and Genetic algorithm. It is also noticed that the 

proposed approach provides minimum values of Root Mean Square Error (RMS Error), Variation of 

Information (VoI) measurement and takes less computational time, which shows that the proposed method 

outperforms than the other three algorithms. The aforementioned experimental findings show that the proposed 

methodology is quite accurate and effective for segmentation purposes. It can be tested in future with other 

algorithms like an artificial neural network and other metaheuristic algorithms for the segmentation process. 
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