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Abstract: - Liver is the largest organ of our body and the cancer that forms inside the liver cell is called Liver Cancer (LC). Many
types of liver cancers are there and the most common type is known as Hepatocellular carcinoma which starts with the cell that
present in the liver hepatocyte. Less common LC types are hepatoblastoma and intrahepatic cholangiocarcinoma. The detection
and classification of LC is an arduous process and performing it by manually is a time overwhelming and imprecise task. Hence
now-a-days artificial intelligence based approach has been used by many hospitals. In context with this, we propose a novel
optimized deep learning approach known as Adaptive Snake optimization algorithm (ASA) based Associated Random Neural
Network approach (ARaNN) to identify and detect LC. To begin the process, the CT scan images are pre-processed to ignore the
presence of noise and to improve the contrast to predict the features effectively. Henceforth, Fuzzy Archery Learning (FAL)
algorithm is applied to segment the images followed by extracting the features and detection and classification of LC using the
proposed approach. Simulations are effectuated to authenticate the performance of the proposed effort. The outcomes are analyzed
by the analogous study with state-of-art works and our approach surpasses all the other approaches while detecting the LC.
Keywords: -Liver cancer, Snake optimization, Associated random neural network, Fuzzy archery Learning and Gaussian filter.

1. Introduction

The liver is an essential structure that controls the way the body burns calories and is involved in generating
proteins, the accumulation of glycogen in the liver, deoxidation, as well as additional processes [1]. As a result, liver
illnesses pose a severe danger to the health of society, the next most frequent disease, carcinoma of the liver, is now
the main reason for deaths due to cancer in both men and women. According to the moment at which it is found, there
are many procedures for malignancies of the liver, these include operating on the removal of the tumor or afflicted
segment, as well as loco-regional therapy. Appropriate preliminary preparation is necessary to enhance outcomes from
therapy because hepatic tumors may accumulate complex circulatory pathways and disseminated features, based on
computed tomography (CT) [2] examination.

Physicians currently initially section the significant liver anatomy before the surgery, specialists then maneuver
into areas affected by liver damage using fine devices such as unique needle-shaped conduits for both diagnostics and
operation. Adequate localization of the arteries supplying the tumors is necessary to improve eradication outcomes
and lower tumor resurgence percentages, the tendency of the hepatic stream to be dependent on peripheral capillaries
is crucial in this procedure for creating the operation plans. The proximity of liver tumors and hepatic arteries [3] as
well as other details such as vessel measurements have a significant impact on the outcome of tumor removal.

Consequently, fragmentation of the hepatic valves, especially the small/minor vessels is essential for enhancing
the effectiveness of radiation, localized treatments, and operations involving surgery. In modern medical procedures,
every portion of CT imaging is physically segmented to identify the hepatic channels; surgical hepatic stream
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classification [4] still is very lengthy, tiresome, and difficult. In addition, although it generates correct structural
knowledge and the level of electrons for discase management, CT scans have poor small-vessel distinction, because
of this; physical hepatic vessel identification is extremely hard and susceptible to specialist disputes. Thus, academics
and doctors have recently become interested in establishing an automated and effective hepatic vascular differentiation
[5], the malignancy of the liver has the sixth-highest prevalence of all malignancies and rates fourth in fatality
worldwide. Finding the pixels that represent the liver and disease areas in diagnostic pictures is the difficult part of
the hepatic and ailment classification problem [6].

The topic of liver and tumor resection has gotten much interest, it is a vital structure that carries out essential
tasks such as creating protein, steroid purification, blood screening for contaminants, creation of biological substances
required for digesting, and maintenance from harmful protein coagulation [7]. It lies motionless directly beneath its
surface in the precise upper region of the abdominal organs, due to its strategic multifaceted role and location; the
liver is overly vulnerable to many illnesses. The overall survival rate at five years for those with the initial stages
of malignancy of the liver, which accounts for 43% of cases, is 36%; for cases where the disease has progressed to
adjacent organs and 13% of lymph glands [8] liver from grass-fed livestock like chicken or cattle is thought to be
helpful for cancer sufferers.

This is a result of its elevated vitamin B12 concentration and substantial nutritional density, the nature of the
negative consequences varies on a medical condition, the course of medication, and overall well-being, restlessness,
diminished hunger, abdominal discomfort, and dropping pounds are some of the greatest typical complications for
those suffering from cancer. For liver tumor categorization, several existing methodologies were suggested they attains
few limitations when providing LC segmentation as well as categorization. For the patients, the benign or malignant
stage of LC categorization and its treatment and precaution become challenging one. Due to the lack of data, exact
finding achieve is the significant for recent researchers. By addressing these limitations, we proposed a novel SO
based ARaNN for automatic identification and classification of LC from the CT scan images. The below points present
the major contribution of this work.

+ To remove noise and augmenting image contrast by Gaussian and median filter during liver image pre-
processing and reducing the computational difficulties.

¢ To perform segmentation in terms of Fuzzy Archery Learning in which the tradition approach difficulties are
effectively solved and perfectly segmenting LC.

s To extract shape, color and texture features from the fourth hidden layer of ARaNN and increasing the
accuracy of LC detection.

+» To combine adaptive snake optimization with ARaNN fines tunes the parameters thereby classifying normal
liver with three classes of LC namely ICC, HCC and HB.

This part explains the remaining section of the work; the existing works of LC categorization is addressed in
Section 2 and the proposed ASO with ARaNN methodology for LC classification steps are described in Section 3.
Section 4 argue the experimental examination and the whole work is end up in Section 4.

2. Literature survey

Dong et al. [9] have described the Hybridized Fully Convolutional Neural Network (HFCNN) for hepatic
tumor categorization, which has been quantitatively modeled to address the existing liver tumor condition. As the
diagnostic and treatment strategies, the difference between cancerous and non-cancerous nodules is essential. It
needs assets, knowledge, and skills of the highest caliber. Inception characteristics that were successfully extracted
are blended with latent parameters and weights that had previously been in the methodology. The algorithm provided
estimates of the liver capacity that were 97.22% highly precise. The investigation demonstrated the division strategy's
superior precision, with a standard Dice value of 0.92. However, manual assessment and segregation take a lot of
effort.

Sun et al. [10] have presented deep deep-learningmethods with just global designations, and histopathology
image sorting for malignancies of the liver. These photos contain accurate cancer location comments, thus
updated characteristics are taken and completely utilized to make up for this. For getting the image-level attributes for
grouping, transference training is paired with multiple-instance acquisition to provide the patch-level information. The
technique may be used to categorize histological pictures of a particular kind of malignancy in the liver or alternative
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kinds of illness, adding further evidence in favor of individualized therapies. Thus, the strategy put forward here
addresses the manipulation of massive amounts of pictures and the lack of data to train.

Yan et al. [11] have implemented a deep neural network for segmenting liver channels, it uses distinctive
structures to determine the precise vascular anatomy of the liver. Additionally, creating cascading remaining-like
linkages inside an individual rump interferes with, which is crucial for successfully connecting individual capillary
artery segments in tandem. To accurately extract the related characteristics from feature levels, it continually picks the
proper setting aspects from superficial characteristics under the guidance of advanced features. Hence, optimizing the
quality of separation represents a significant difficulty.

Tran et al. [12] have modified the Un -Net model to an interconnected structure with n layers, the convergence
devices' results are used to determine the disregard connectivity. The element design changes the bypassed conjunction
route, combining direction, and up-convolution route. All the resultant attributes of the most recent processing
component of the elements are utilized as the starting point for the ones that follow and the decryption component in
the traditional method. The resultant characteristics of the earlier inversion devices have been disregarded. The liver
division outcomes obtained 96.45%, and the tumor identification outcomes obtained 73.34%. Moreover, it is not
suitable for more medical division of pictures.

Devi et al. [13] have evaluated an automatic Computer-Aided Diagnosis (CAD) system that participates in an
essential function in getting a diagnosis of liver illness to lower the mortality incidence from malignancies of the liver.
Autonomous division of the liver and abnormality identification is done in the initial stage. The innovative contrast-
based feature-difference technique is then used to classify inflammation of the liver into aggressive and harmless.
According to strength and appearance, the affected region's retrieved characteristics are compared to the underlying
healthy organ tissue. The aforementioned variance has improved the precision by 98.6%. Thus, it is inadequate for
many kinds of different liver disorder diagnoses.

Zhang et al. [14] have developed a level-set framework for autonomously localizing liver tumors by combining
neural networks and improved boundary detection from uncontrolled flexible c-means. To improve the picture clarity
encompassing the hepatocytes and liver tumor, the CT scan wavelengths were reduced at this point in the process to
fall within an agreed-upon range. The liver was initially coarse-to-finely separated to exclude non-liver components
before tumor identification. It is used to improve the liver delineation and to approximately localize the liver
malignancy. Hence, systems lack domain expertise and may make categorization mistakes that are difficult to
understand.

Meng et al. [15] suggested an end-to-end patch-wise segmentation algorithm should concentrate on the
alterations in the geographic organization of tissues that are damaged. During modeling exercises, the dimensions are
constantly changed by the difference between the anticipated classification and the actual grouping. Even though
investigations have demonstrated the efficacy of genital infections and organs, this claim will be contested if
additional cells are present. Choosing the right stride is essential to meet the demands of rapidity and precision.
However, it cannot be used to solve assignments without a progressive link.

Balagourouchetty et al. [16] highlighted an ensemble FCNet classifier that categorizes liver
disease abnormalities from the profound characteristics retrieved. Before the prediction level, an accumulation of three
completely interrelated layers is incorporated, and extensive characteristics from various levels of granularity taken
from the outcome of each origination layer are provided as predictor data to considerably improve the ability of the
learner. The outcomes of the experiment show how effective the suggested algorithm architecture is in improving
reliable classification. Thus, it is difficult to address the identification of patterns.

3. Proposed Methodology

Initially, the major goal of this work is to demonstrate good segmentation, identification and classification of
LC by means of optimized deep learning model. Each neural network involves the process of training and testing.
Primarily, we suggested to Gaussian and median filters to filter out the noise and increases superiority of liver CT
image and doing segmentation by means of fuzzy Archery optimization algorithm. At end, applying Adaptive Snake
Optimization based Associated Random Neural Network (ASO-ARaNN) approach to identify and categorizes normal
liver with different classes of LC namely Intrahepatic Cholangio Carcinoma (ICC), Hepato Cellular Carcinoma (HCC)
and Hepato-Blastoma (HB). The pipeline of proposed work to determine LC detection and classification indicated in
Figure 1.
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Fig. 1. The overall proposed pipeline diagram

3.1.Pre-processing

The input images are converted input the greyscale with the pixel size of 512 x 512 . The 1 x 1 window with

Gaussian filter handles image pre-processing at the initial phase. After, window kernel size of 3 x 3 followed by
median filter doing further process. Before segmentation, Gaussian filter is to ignoring random noises [17]. From the
entire model, reduced the computational difficulties. When the window to the edge in an image, an unusual pixel
values are not generated by median filter. During image compression, digitization and transmission of data with
random as well as unwanted noises corrupt the CT images. From the liver pre-processing, the input image

Base, (v,h) as the base image. In the CT images, the bright as well as dark section filter out is the major task. Below

expression implement the process of threshold function.

L, if Iwh)>I
0, if Ivh)y<I

mean

+D
T(v,h)= e (1)
-D,

The spinal region as well as chest boundary outerior cross sections are eliminated. Each contour with the
external border is N (v, ) . From the base image, the image mask N (v, %) is utilized thereby performing the
operation of bitwise AND. In the image array, every pixels are multiplied and similar position mask relavant to the
corresponding pixel from the base image.

3.2.LC image segmentation

To begin with the segmentation process we have utilized Archery algorithm [18] which relies on the
characteristics of the archers’. The target of the member guidance is utilized for segmenting the images of LC and
updates the location of the pixels. Thepopulation matrix has been generated based on the vector representation of each
pixel. The matrix of the pixels are given as,
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A: A] = aj,l aj,D aj,n (2)

_AM_Mxn _aMsl “.aM’D aM’n A Mxn

The population of the image in the jth vector is taken as A ; from the pixel matrix A in the search space with

the dimensionality D. the candidate solution and the number of pixels in the matrix is denoted as n and M. for each
pixels the optimization problem and objective function are estimated and the estimated vector is depicted below,

/i f@)

f=\f =| £(4)) (3)

_fM dMxn f(AM) Mx1

The objective function is fhere and for the jth pixel the objective function is f ;- The targeted pixels from

the images are deemed by using the rectangle and square page of the target panel. Moreover, the pixel population
relies on the width and to detect the width of the objective function the probability of the function is used and can be
evaluated as,

Pr= Mf_fWom
>~ o)

j=

4)

The unwanted pixels from the population are denoted as f,,, . The random pixels from the search space are
chosen using the archery approach. For that cumulative probability is determined as shown below,
1, 0<R.,<C
P=<j, C, <R;,<C (5)
M, C, ,<R;,<C,

The selected pixel using the Archer is P and the cumulative probability of the pixel is C,. The random

number on the Dth dimensionality lies in the range of 0 and 1. The pixel location is updated using the following
equation.

New | 40D +’"”X(aj,D —Bxa_].’Dl o </t

Aja ""””X(GJ-,D —Bxaij), Otherwise

(6)
B =rn(1+rn) ()
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The exploitation stage is attaining the best solution nearest to the solutions and updating is performed using
the leader searchability [19] and to enhance the objective function as shown below,

- ¢
AJ],v :aj+(1—2r)-rn-(1—;j-aj )]
ANEW , _New < _
A/ — J f/ f./ (9)
' A., Otherwise

J

The new location of the pixel can be determined as A]New . The pseudocode for the proposed AL algorithm is

elucidated below,

Algorithm 1:Pseudocode for the proposed AL algorithm
Start
Initilization of parameters and maximum iteration
Initialize the parametric values of 7 and M
For
t=1:T do
evaluate the probability function using eqn. (4)
For
=1:M
For
D=I:n
The member selection for the guidance is performed using eqn. (5)
The new status is evalauted using eqns. (6) and (7)
End For
The local search ability of the leader algithm is updated using the eqn. (8)
The member or pixel of the jth population is updated using the eqn. (9)
End For
Save the solution obtained
End For
Return the optimal solution attained
End
3.2.1.  Fuzzification process in FAL

The productivity of the segmentation is improved by using the Archery selection procedure (ASP) and learning
procedure (LP). For this we utilized Mamdani’s fuzzy inference [20] and mapping of input and output is made. For
this nine rules are used as shown below.

» If the success of archery selection is low and the success of learning phase is low then the segmentation
is neutral.

If the success of archery selection is low and the success of learning phase is medium, then the
segmentation is performed on Left.

If the success of archery selection is low and the success of learning phase is high, then the
segmentation is performed in the far left.

If the success of archery selection is medium and the success of learning phase is low, then the
segmentation is performed on right.

If the success of archery selection is medium and the success of learning phase is medium, then the
segmentation is performed on Neutral.

YV V V V
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If the success of archery selection is medium and the success of learning phase is high, then the
segmentation is performed on Left.

If the success of archery selection is high and the success of learning phase is low, then the
segmentation is performed on far right.

If the success of archery selection is high and the success of learning phase is medium, then the
segmentation is performed on right.

If the success of archery selection is high and the success of learning phase is high, then the
segmentation is performed on Neutral.

3.3.LC identification and classification

YV VYV VYV V

This section explains the proposed deep random neural network for feature extraction and also this ARNN
with adaptive snake optimization handles the identification as well as classification of LC images. The following
section explains the detailed steps;

3.3.1. Adaptive Snake Optimization Algorithm

For improving the ARaNN we have proposed novel optimization approach known as SA and its numerical
approach in terms of fighting, feeding, and mating of the snake is explained in this section. As usual this approach
also employed exploitation and exploration phases with the intricate nature of the snakes [21]. The snake population
is classified into male and female and is initialized randomly. Temperature is the most factor for deciding the feeding
and capulatory characteristics of the snake and is expressed as,

_]t
Temp = Exp( Maxlj (10)
The current iteration of the algorithm is given as 1, and the food quality (FQ) of the snake can be determined
as,
FO=0.5x Exp
Q=0.5xExp, Vel (11)

The essential food of the snake in the environment is represented as £'Q < 0.25 and the exploration phase
can be represented as,

Ml[,‘;] :Mrlr;;jn iQZ XYn X((Mmax _Mmin )Xrnd+Mmin) (12)
MII,Z;I=erlld+,lFiQZXYFX((Mmax_Mlnm)Xrnd+Mmm) (13)

1,+1 1, +1 . . .
The location of male and female at / is defined as M I and M //r - The random interval is determined as

(rnd ) and falls under the range of 0 and 1 with the constant value (0, = 0.05 . The ability of the male and female

snake to find the food is represented as ¥, and ¥ . The food determination of both snake is formulated as [22],

X, = Exp| —™" (14)
Ln
T Lnd,f
Xf = Exp — (15)
Lf
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1,+1 1,+1 . ..

The fitness value of the M In and M ) are represented as Fmd,n and Fmd, s - While determining the
exploitation the food that is presented in the environment is enough and the location of the male and female can be
updated as,

I+ _ I,+1 I
M, =M iQ3><Temp><rnd><(Mfwd—M ) (16)

t
rnd ,n Lf

The individual location of male and female is represented as M 1.y - When the temperature is lower than 0.6,

and then the oppositional learning has been adopted for the fighting phase of the snake. The oppositional learning
improves the convergence speed and can be used to solve the complexities. The selected oppositional can be used to
choose the population variability of ASO as shown below,

A, £0,x f,+mdx(A, M= (1)) if (M}(1)<A,)

SN >N

A, O x f, +mdx (M (1)=-A,) if (MP=(1)2A,)

n

M, (t+])= (17)

The best location of the male and female with the fighting spirit are Juand S , with its respective location

are M lh fft and M Ib j‘-“ . The upper and lower constraints when adopting the oppositional factor of male and female are

A, and Af . The mating mode can be clucidated as [23],

M} =M], +0,%G, deX(Hfoff —Mffn) (18)
M,’:f“=M/,{fiQ3><Gfxrnd><(HxMz’,;—M/ff) (19)

The mating capacity of the male and female are determined as M, gnaM 7 . These proposed ASA can be

used for the tuning of hyper parameters of the ARaNN for the classification of LC. The pseudocode of the ASA is
depicted in algorithm 2.

Algorithm 2: Pseudocode for ASA
Start
Initialize the I, Max I, M, and My

While (I < Max1)
M7 = Malemate

1,+1
l,n

Evaluate the fitness value of M
M/f.'” = Female mate

Evaluate the fitness value of M j{’ *

Estimate the Temp value using eqn. (10)

Estimate the FQ using the eqn. (11)
If (FQ <0.5) then
Evaluation of exploration phase utilizing the eqns. (12) and (13)

Else if (FQ > 0.6) then

Evaluation of exploration phase utilizing eqn. (16)
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Else
If (rnd > 0.6) then

Estimate the fighting mode utilizing the eqn. (17)
Else
Estimate the mating mode utilizing the eqns (18) and (19)
End if
End if
End
3.3.2.  Associated Random Neural Network

According to recurrent framework, link different kinds of neurons to each other that makes ARaNN. While
solving problem issues, the structure of ARaNN present in hidden layers with averaged or whole pixel values of image
region. There are single input layer with eight hidden layer and four output layers in ARaNN that depending upon the
principle of brain. The fourth hidden layers automatically extract the multiple features from the segmented liver cancer
images. Next to feature extraction, handle liver cancer identification as well as categorization and obtains the feature
values of weight and bias allocated to the input layer [24]. From the features, the liver cancer classes are identified
with respect to the major role of hidden layers. The selected output are conveyed with the output layer that forward
and generate features. Figure 2 outlines the basic architecture of ARaNN.

Input Layer Hidden Layers
\
}
i
g N
__.;@ 1L (hir) (hst)
S L\ G
o Output Layers
N\ P
¢ ~—o@ V(2 (s2)
& XA -/ _/
)
o A /N
% .._,@, AN 3) (hs3)
£ WA/ \_/ 2 Output
£ CK
AR~ —~
@ @
: y =

Fig. 2. General model of ARaNN

To obtain the features, the both excitation and inhibition states possess in which various layer interconnect the
neurons. When there is no abnormality, an exciting state went to the neuron positive results shown by features of an

images namely shape, contrast and texture. At time 7, P,(7") determines neuron structure 7, that turns zero for the
neuron idle value. Greater that zero, P,(T’) attain the state of excitation. During the state of excitation, F is the rate

of transmission and forward the m, extracted feature data towards closer neuron 711, . Depending upon the probabilities

pb(i, j), the positive and negative data deems the forwarded features data. Below expression formulates the V(i)
probabilities with the neuron leave from the liver cancer extracted features [25].
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M
V(i) + D pb"” (i, j)+ pb" (i, j) =1, v, (20)

J=1

Below formula updates the neurons weight with respect to negative and positive data.

we™ (i, j) = F,pb™* + (i, /) 2 0 21

we (i, j) = F,pb™ + (i, j) 2 0 (22)

This study demonstrates poison distribution to analyze the probability identification for liver cancer detection.

Where, F(i ) and Q(i) are determines the 71, negative and positive features.

() = i5(j) a(j)pb™ (j, i) +€(i) (23)
()= i5(j)a(j)pb"eg (/1) +Q(0) (24)

Following formula determines the function of activation and the rate of transmission.

(i)
S 25)
F@)+T"(®)
M
F@i) = 1=v(@)"1) [we” (i, j)+ we™ (i, j)] 26)
=1
During the stage of training, update weight F' (i ) and determines the firing rate with gain.
M
F@i)= Z [we”"s @i, j)+we™® (i,j)] 27)
j=1

3.3.3.

Associated Random Neural Network

In order to develop the ARaNN performance during the classification of LC. The number of hidden layers with
the bias as well as weight functions are optimized using ASO algorithm because the ASO contains good convergence
ability than other traditional optimizations [26]. It easily tunes the parameter thus demonstrating better rate of LC
cataloguing. Here, ASO-ARaNN classifies various kinds of LC stages. Figure 3 plots the block diagram for the
classification of LC with ASO-ARaNN model. The following points explains the steps for LC classification in terms
of ASO-ARaNN.

(1)

(i)
(iii)
(iv)
v)
(vi)
(vii)

Fix M as the number of population and equally split into two groups. Select both current and maximal
iterations.

To attain population based on snake’s uniform distribution after the population initialization.
Initialization of optimization intervals and ARaNN hyper-parameters.

Calculate the current hyper parameters under male and female snake’s individual and best fitness value.
Equation (10) and (11) compute the temperature and food quality as FQ.

Equation (11) to (15) updates the individual location of male and female snakes based on spiral strategy.

Equation (16) updates the fitness value. Equation (17) updates the fighting phase of snake along with
oppositional learning model.

236



(viii)  Update the steps of mating phase. Record the individual position, replace the worst position of snake
when successfully hatch the nest generation.

(ix) When the condition is satisfied decide if the maximal number of iteration met. Then, assign optimal
hyper parameters to ARaNN else return the step to equation (12) for the continuation of iteration.

Parameter initialization with respect to ARaNN and ASO

parameters with the extracted features of liver image
!

Compute the fitness value

!

Compute the temperature and food quality

!
Update the position of male and female snake

!
Equation (17) update the ASO population variability
of fighting behavior of snake
!
l Update the mating ability of male and female snakes

No

If iteration
met??

LC classified .| Obtain best solution to tune the
output ARaNN hyper parameters

Fig. 3. LC classification using ASO-ARaNN

4. Experimental Results

The proposed framework consist of two major process such asCT image based liver tumor is segmented with
FAL model as well as categorized using ASO-ARaNN model. Performance is evaluated and the process is
implemented in MATLAB platform. For supervised learning, the testing and training model efficiency ensure the
effectiveness of performance measures. Compare the proposed with state-of-art approaches by revealing the efficiency
of proposed LC detection and categorization. Table 1 displays the explanation to simulation parameters.

Table 1. Simulation variables

Variables Limits
Solution searching space <0, 1>
Number of input neurons Single

Number of hidden neurons 8

Number of output neurons 4
Activation function ReLu

Batch size 30
Learning rate 0.001
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Epoch 200

Number of population 50

Maximal amount of iteration 100

4.1 Dataset

For the conduction of LC segmentation and detection we have collected data from the famous hospital known
as Medanta the Medicity, Gurgaon. This is the famous hospital with NABH and NABL certification. We have collected
data from around 652 patients with different types of LC known as ICC, HCC, HB, and normal images. For recording
the images the hospital utilized GE medical system with CT scan machine with the thickness of 0.5mm to 1.5mm with
the resolution of 512x512. The sample images of all the four types are shown in figure 4. The figure displayed the
three types of LCs such as HCC, ICC, HB, and normal images.

Icc HB

Fig. 4. Sample images collected with four namely (i) Normal Liver image, (i) HCC LC image, (iii) ICC LC
image, and (iv) HB LC image

4.2.  Performance analysis based on pre-processing

The sample image results based on pre-processed outcome is as shown in Table 2. This tabulation shows the
normal or healthy liver images with abnormality of LC classes namely HCC, ICC and HB for pre-processed output.

Table 2. Pre-processed results of LC sample images

Classes Original image Pre-processed result

Healthy (Normal)
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HCC

ICC

HB

Table 3 displays the pre-processed results of above samples. The pre-processing techniques of HE, CLAHE,
Gaussian flirter and proposed Gaussian with median filters with respect to the samples 1 to 4 images are illustrated by
various the evaluation criteria like sensitivity, specificity and accuracy. The proposed model proves superior pre-
processed outcome to other HE, CLAHE and Gaussian filter.

Table 3. Pre-processing results of an image

LC image Pre-processing Accuracy Specificity Sensitivity
samples methods
HE 0.79 0.78 0.78
CLAHE 0.80 0.81 0.83
Sample-1 Gaussian flirter 0.85 0.86 0.87
Gaussian with 0.94 0.93 0.95
median filters
HE 0.70 0.73 0.74
CLAHE 0.81 0.83 0.85
Sample-2 Gaussian flirter 0.88 0.84 0.85
Gaussian with 0.95 0.94 0.96
median filters
HE 0.78 0.80 0.79
CLAHE 0.84 0.86 0.87
Sample-3 Gaussian flirter 0.86 0.87 0.84
Gaussian with 0.94 0.95 0.93
median filters
HE 0.74 0.80 0.79
CLAHE 0.83 0.82 0.85
Sample-4 Gaussian flirter 0.85 0.86 0.88
Gaussian with 0.94 0.92 0.95
median filters
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4.3.  Analogous study based on Segmentation of LC images

The detection LC using our proposed is effectuated using the ARaNN based ASA and prior to the classification
of LC as HCC, ICC, and HB the images are segmented using proposed FAL. The segmentation outcome of our
approach is higher and hence it resulted in better classification as shown in figure 5. For three sample images the
segmented and classified results are depicted with respect to them.

(i) (i) (iii)
Fig. 5. Segmentation and classification results using our proposed approach (i) sample images, (ii) segmented
outcome, and (iii) classified outcome

For analyzing the effectuation of proposed work we have taken some of the parameters such as Receiver
Operating Characteristics (ROC), Area under the Curve (AUC), and Dice similarity coefficient. The last parameters
is compared with state-of-art works such as Particle swarm algorithm based segmentation (PSO), Genetic Algorithm

based segmentation (GA), Whale Optimization based segmentation (WO), and improved ant optimization based
segmentation (IAO).
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Receiver Operating Characteristic Curve

1.0 |—— ROC Curve
===~ Baseline

08

14
o

Sensitivity (TPR)
(-}
b

o
[

0.0

0.0 0.2 0.4 0.6 08 1.0

1-Specificity (FPR)

Fig. 6. Performance of proposed work in segmenting the LC images based on ROC

Our approach follows two sections (i) segmenting the liver and (ii) detecting and classifying the LC. the
estimation of weights along with the pixel-wise features for all the pixels are done and the ROC of the proposed
approach is visualized in figure 6. The ROC shows 0.97 with higher true positive detection and false positive rate
detection.
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Fig. 7. Performance of proposed work in segmenting the LC images based on AUC

The AUC is used to analyze the performance of the segmentation section of LC and must lies 0 to 1. The more
value depicts the better segmentation of our approach and the AUC of our proposed approach is 0.92 and effectively
segments the CT scan images of LC than the other approach. The AUC of the proposed segmentation is illustrated in
figure 7.

For the segmentation of any images the important parameter is the Dice similarity coefficient (DSC). Moreover,
the validation of segmentation is analyzed with the result of the DSC and in this work we taken proposed and other
existing approaches such as PSO, GA, WO, and IAO. The DSC is defined as,

(28)
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The cardinality of the image pixel set is determined as and the value of lies between the range of 0 to 1. The
value of =0 if the sets are disjointed and if it is identical the value become =1.
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Fig. 8. Analogous study based on DSC for the segmentation of LC

The graph of the DSC for various approaches and proposed is depicted in figure 8. Here we have conducted
180 epochs and the DSC of the proposed approach is higher for all the epochs as mentioned in figure. Meanwhile, the
other state-of-art works such as PSO, GA, WO, and IAO achieved lower DSC and hence the segmentation by that
approaches are lower and hence the detection of LC is arduous. At 180th epoch the DSC of proposed approach is 97%,

and other approaches such as PSO, GA, WO, and TAO achieved DSCs of 90%, 87%, 91%, and 93% respectively as
shown in figure.

4.4.  Analogous study based on classification of LC images

Figure 9 delineates the results of confusion matrix by means of healthy liver class with unhealthy LC stages
such as ICC, HCC and HB. The diagonally mentions the accuracy of each class and is represented in blue colour.
Depending upon this, the accuracy of 98.54%, 98.01%, 98.43% and 98.32% for normal, ICC, HCC and HB classes.

Normal ICC HCC HB

True
class

Predicted class

Fig. 9. Confusion matrix outcome for four classes

Figure 10 shows the accuracy of LC classification by using various methods. The approximation of above 90%
accuracy is accomplished by proposed method also the approximated of above 40 % results provided by existing
methods such as HFCNN [9], DL [10], DNN [11] and EFCNet [16]. For comparison, the accuracy of 93%, 94%,
94.32% and 97.3% obtained in case of 50, 100, 150 and 200 iteration. However, the proposed demonstrate superior of
97.3% in 200th iteration. While classifying LC, the computational difficulties of previous methods are than that of
proposed. The accuracy rate of proposed is higher in all the number of iterations compared to other HFCNN [9], DL
[10], DNN [11] and EFCNet [16]. Hence, it provided good rater of classification accuracy in terms of LC.
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Fig. 10. Accuracy results with respect to the number of iteration

Figure 11 expose the specificity result of various methods during LC categorization. The specificity of the state-
of-art method is computed to vary the number of iterations from 50 to 200 respectively. The proposed ASO-ARaNN
model linked with the specificity of above 93%. The HFCNN [9], DL [10], DNN [11] and EFCNet [16] progressed to
60%, 73%, 78% and 85% specificity at the iteration of 200. To contrast by previous methodologies, the specificity of
proposed ASO-ARaNN model from 50 to 200 iteration become 93%, 93.21%, 95% and 97.01% during the
classification of LC image. On considering state-of-art analysis, proposed ASO-ARaNNemphasized significant

simulation findings based on specificity.
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Fig. 11. Specificity results with respect to the number of iteration

Figure 12 design the schematic diagram to evaluate the sensitivity outputs. The comparative outcome of
traditional methods and proposed ASO-ARaNN accomplished the sensitivity results that vary from the iteration of 50
to 200. The previousHFCNN [9], DL [10], DNN [11] and EFCNet [16] establish above 60% sensitivity results and
further, an approximation of above 88% sensitivity outcomes are delineated. Depending upon 50, 100, 150 and 200
iteration, the sensitivity is 88%, 93%, 94.3% and 96.83%. Anyway, the proposed ASO-ARaNN illustrates 96.83%
sensitivity in 200th iteration thereby minimizing the computational difficulties. To compare by HFCNN [9], DL [10],
DNN [11] and EFCNet [16], the sensitivity of LC classification using proposed ASO-ARaNN performance is superior.
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Fig. 12. Sensitivity results with respect to the number of iteration

Figure 13 explains the comparative evaluation of various optimization algorithms in terms of fitness evaluation.
The traditional optimization models namely particle swarm optimization (PSO), Rat swarm optimization (RSO),
Whale optimization algorithm (WOA), Grey wolf optimization (GWO) and proposed ASO algorithms are selected to
show the convergence performance. By this plot, the convergence ability of proposed ASO is good than other PSO,
WOA, RSO and GWO.
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Fig. 13. State-of-art of fitness value evaluation
5. Conclusion

The work in this article is about segmenting and detecting the LC from the CT scan images and our proposed
approach is based on ARaNN based ASA for detection and classification of LC images. For detecting the types of LC
as HCC, ICC, HB or normal the images were preprocessed to remove the noises and was segmented utilizing the
proposed FAL approach which effectively segments the Liver with DSC of 97%. To analyze the confusion matrix, the
normal, ICC, HCC and HB classes shows 98.54%, 98.01%, 98.43% and 98.32% accuracy. Moreover, proposed ASO-
ARaNN for LC classification approach was compared with traditional methods such as HFCNN, DL, DNN and
EFCNet using the parameters like accuracy, specificity, and sensitivity. The accuracy, specificity, and sensitivity of
the proposed work are 97.3%, 97.01%, and 96.8% respectively. The convergence ability of proposed ASO algorithm
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is better to PSO, WOA, RSO and GWO algorithms. Our proposed approach surpasses all the other approaches in
detecting and classifying the LC images.
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