
Eng. Sci., 2021, 16, 354–365 

354 | Eng. Sci., 2021, 16, 354-365                                                                     © Engineered Science Publisher LLC 2021 

  

Engineered Science 

DOI: https://dx.doi.org/10.30919/es8d594 

 

 

An Efficient Discrete Wavelet Transform Based Partial 
Hadamard Feature Extraction and Hybrid Neural Network 
Based Monarch Butterfly Optimization for Liver Tumor 
Classification 
 

Deepak S Uplaonkar,1,* Virupakshappa2 and Nagabhushan Patil3 

 

Abstract 
 

The liver tumor is one of the most widely occurring cancers nowadays. There are several forms of liver tumors, which are 
most often caused by hepatitis and cirrhosis. Furthermore, metastatic liver cancer may spread to other organs, posing a 
serious health risk. Hence it is ineluctable to diagnose this intimidating problem as early as possible. Liver tumour 
classification from ultrasound images is a challenging task since it is based on the structure and orientation of the liver tumour 
cells. To overcome this challenge, a novel hybrid artificial neural network-based monarch butterfly optimization algorithm is 
proposed for accurate liver tumour classification. Before the classification process, the liver tumor cells are preprocessed 
using different techniques such as adaptive filtering, median filtering, and color to greyscale transformation. Then the pre-
processed images are segmented using the adaptively regularized kernel-based fuzzy C-means clustering algorithm and level 
enhanced segmentation which enhances the segmentation process and the same features are aligned in the same segment. 
Further, the feature vectors are extracted with the aid of the hybrid Discrete Wavelet Transform-based partial Hadamard 
transform method, and the same features are mapped as the same vector. The classification task is performed by a hybrid 
artificial neural network-based monarch butterfly optimization algorithm which enhances the classification accuracy. The 
comparative analyses with the state-of-art works show that the proposed work outperforms all the other approaches in terms 
of accuracy, specificity, sensitivity, precision, recall, and F1-score. 
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1. Introduction 

Ultrasound Image segmentation[1] became an important topic 

in the medical field for analyzing medical images.[2-4] For 

different imaging modalities, different segmentation methods 

are available. Meanwhile, the effectiveness of image 

segmentation is arduous to accomplish in ultrasound images, 

especially for the ultrasound liver tumor images. Significantly, 

the ultrasound image segmentation purely depends on the 

quality of data. Few of the factors that have impacts on the 

ultrasound image segmentation are attenuation, speckle and 

signal dropout.[5] 

Liver tumor[6] is the most commonly affected tumor among 

men which leads to death. It has been caused due to viral 

hepatitis. Hence it is necessary to segment the liver tumor for 

medical applications such as computer-aided surgery, 

diagnosis of hepatic diseases, estimation of liver volume, and 

planning for treatment.[7] Most probably the medicos utilize 

computed tomography (CT) scans for the liver tumor 

segmentation, 3D rendering, and consequently liver 

vasculature analysis. There are several studies[8-10] that have 

been carried out though still, it is a crucial one since the non-

rigid structure of the liver tumor and ill-defined borders 

feature the CT images.                         

For further enhancement, the medical imaging sector 

utilizes contrast-enhanced computed tomography (CECT) for 

liver imaging and monitoring.[11] The segmented images are 
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used to identify the exact size and positions of the tumors 

inside the liver cells. The classification of normal and tumor 

cells from ultrasound liver images has been the subject of 

extensive research.[12] However, due to the irregular structure 

and low contrast borders of the tumor cells, it became a 

difficult process. To tackle this entire problem, we proposed a 

novel method known as a hybrid artificial neural network-

based monarch butterfly optimization algorithm.[13] Exploiting 

this approach, we obtain maximum accuracy of classification. 

Our work’s contributions are listed below, 

▪ Then the pre-processed images are subjected to 

segmentation by utilizing the adaptively regularized 

kernel-based fuzzy C-means clustering algorithm 

(ARKFCM) and level enhanced segmentation.  

▪ Henceforth the feature vectors from the segmented images 

are derived by hybrid DWT-based Partial Hadamard 

Transform for the further classification process. 

▪ The classification process is performed with the 

exploitation of a hybrid neural network-based monarchy 

butterfly optimization algorithm which obtained 

optimized classification outcomes. 

The remaining article is arranged as follows. Section 2 

explains the related works. Section 3 elucidates the proposed 

methodology in a wider context. The experimental analyses 

are illustrated in section 4. Finally, we concluded our work in 

section 5. 

 

2. Related Work 

Devi et al.[14] developed an SVM-based classifier and feature 

difference technique for the automatic detection of liver 

tumors. For semantic pixel-wise categorization, a deep 

learning-based technique has been developed. The novel 

contrast-oriented feature-difference technique performs the 

malignant and benign liver lesions classification. The higher 

detection accuracy is obtained but the computational 

complexity is higher.  

Pan et al.[15] introduced an attention mechanism with a 

bidirectional Long Short-Term Memory (LSTM) neural 

network (A-bLSTM) for liver cancer detection. To gain more 

detail from ultrasound images, dense connectivity integrates 

low-level fine segmentation details with high-level coarse 

segmentation details. This research incorporates factorized 

filters into the network to improve the model's performance. 

This method is time-consuming and most prohibitive.  

Sureshkumar et al.[16] introduced deep learning (DL) 

technique to enhance liver tumor classification accuracy. The 

segmentation of liver tumors is a necessary step before any 

surgical intervention. Compared with different methodologies, 

this deep learning model outperformed better classification 

accuracies, nevertheless, the computational complexity and 

time execution are higher.  

The harmony search algorithm with hybrid deep learning 

architecture (HSA-HDL) was introduced by Baneamoon et 

al.[17] for liver tumor detection. The evaluation and accuracy of 

liver tumor diagnosis are improved for a given image. The 

experimental results are evaluated using a large number of 

liver images obtained from National Center for Toxicological 

Research liver cancer database (NCTRlcdb). Hence, the 

experimental results demonstrated higher effective 

identification thereby delivering effective analysis but the 

accuracy result are lower.  

Based on the clinical data and magnetic resonance imaging, 

Zhen et al.[18] proposed deep learning model for accurate 

detection of liver cancer. The three-way malignancy-

classifiers, binary classifiers and seven-way classifiers are 

trained using Convolutional Neural Network (CNN) in which 

the data obtained from 1,210 patients with liver tumors. The 

three experienced radiologist’s performances with the 

sensitivity and specificity of models performance is improved. 

The economical cost is reduced but takes larger execution time.  

The genomic alterations and correlation with immune 

suppression model was proposed by Fujita et al.[19] for primary 

liver cancer classification. From a Japanese population, 

immune gene signatures of 234 main liver cancers are 

characterized. The regulatory T cell (Treg), cytolytic activity 

(CYT), Catenin Beta 1 (CTNNB1) and tumor associated 

macrophage (TAM) class of liver cancer are classified. The 

chromatin regulator AT-rich interaction domain 2 (ARID2) of 

somatic mutations is associated to the eminent stages of 

extracellular matrix genes. This method failed to provide 

better accurate results.  

The Deep Convolutional Neural Network (DCNN) was 

suggested by Zeng et al.[20] for Liver tumor classification. The 

segmentation structure of the tumor is obtained and the learned 

the features in which the training data extract the various sizes 

of image data blocks. The region mutual exclusion constraints 

with the model of multi-region segmentation are established. 

The regional adhesion and boundary blur finding is complex 

it may cause the boundary point attribution area. This method 

demonstrated higher accuracy with higher processing time.  

From the literature analysis, we have find out few issues 

such as higher computational complexity, higher time-

consumption, most prohibitive, lower accuracy and higher 

processing time. To tackle these issues, a novel hybrid 

artificial neural network-based monarch butterfly 

optimization algorithm is proposed for accurate liver tumour 

classification. 

 

3. Methodology 

The liver tumor is the most commonly occurring tumor in both 

men and women nowadays. To analyze the depth of the tumor, 

the ultrasound images are classified by the medicos. Prior to 

this, the images are segmented by the radiologists manually 

via a slice-by-slice analysis on various ultrasound images. 

Significantly, this manual approach consumes a significant 

amount of time and is complex in nature. Meanwhile, the 

segmented images are fed as an input to the computerized 

diagnosis and hence it minimizes the efficacy dramatically. 

However, the automatic segmentation of liver 

tumorimages is also crucial due to the facts that the (i) liver is 
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attached to the other surrounding organs where, those organs 

to exhibits the same ultrasound value as the liver, (ii) it is 

arduous to differentiate the liver tumor region and normal 

region due to the brightness of the ultrasound images and also 

blurred boundaries of liver tumor, and (iii) the shape, size, and 

position of liver tumors are wavering and hence the automatic 

segmentation by the machine are critical. Fig. 1 depicts the 

proposed liver tumor segmentation and classification process. 

From Fig. 1, it is observed that the proposed methodology 

involves four stages: i) image pre-processing, (ii) Liver tumor 

image segmentation, (iii) Feature extraction, and (iv) 

classification. The following sections reveal the four stages in 

a wider context. 

 

3.1 Image Preprocessing 

In the first work, we have used Contrast Limiting Adaptive 

Histogram Equalization (CLAHE) algorithm for image pre-

processing and image enhancement. Both colored and gray 

scale images noises removed using a “clip-limit” function. In 

the second work, the CLAHE methodology is applied to pre-

processes the image after the acquisition of liver ultrasound 

images. 

In this study, we have the pre-processing step is carried out 

by performing color to grayscale transformation, adaptive 

filtering and median filtering techniques. To begin with, the 

collected ultrasound images are pre-processed to transform the 

source images into the required image format. The main aim 

of the pre-processing step is to enhance the liver tumor image 

features by suppressing the unwanted distractions and hones 

up the important features for further processing. In our 

proposed method we have adopted three techniques for 

suppressing unwanted features and at the same time improves 

the features that to be extracted. 

(i) Color to grayscale transformation,  

(ii) Adaptive filtering, and 

(iii) Median filtering. 

 

3.1.1 Color to grayscale transformation 

The color to grayscale transformation is performed to enhance 

the image quality by improving the speed, and scalability. 

 

3.1.2 Adaptive filtering 

During image pre-processing, the adaptive filters[21] are used 

as a denoiser which removes the noise without affecting the 

quality of the image. Adaptive filters are mostly managed by 

the parameters. Hence, the orientation controlled adaptive 

filter can be expressed as, 

𝐴𝐹𝑎𝑑𝑎𝑝 = 𝐴𝐹(𝜙, 𝑄)          (1) 

Here, 𝜙  represents the orientation parameter and Q is the 

anisotropy.[22] In the source image, the noise can be removed 

by deeming orientation evaluation as the starting parameter.  

 

3.1.3 Median filtering 

After employing the de-noising method, it is ineluctable to 

maintain the spatial characteristics of an image. Hence, we 

have adopted a non-linear smoothing filter known as median 

filter[23] to preserve the edges in the image from blurring. The 

exploitation of median filter can help to replace the required 

point by the brightness that was attained from its adjacent edge. 

This because the noises do not affect the median of the 

brightness of the adjacent edge. Meanwhile, the median filter 

also removes the impulse noise. Thus the output of the median 

filter is the enhanced quality image of the ultrasound liver 

tumor image. The resultant output is expressed as, 

𝐼𝑀(𝑎, 𝑡) = 𝑚𝑒𝑑{𝐼(𝑎 − 𝑢, 𝑡 − 𝑣)𝑢, 𝑣 ∈ 𝑀}    (2) 

Here, IM & I denotes the median filtered and original images 

respectively. H is the 2D mask used for median filtering. 

However, the final output is subjected to segmentation for 

further process.  

 
Fig. 1 Proposed architecture. 
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3.2 Liver tumor image segmentation 

In the first work, the adaptively regularized kernel-based fuzzy 

C means (ARKFCM) tumor segmentation. The selective level 

set approach and local ternary pattern with ARKFCM segment 

the image. The liver tumor image segmentation can be 

conducted ARKFCM algorithm[24] and level enhanced 

segmentation. The Fuzzy C Means (FCM) algorithm allocates 

a membership value to every pixel present in the cluster in the 

image space. In the second work, the local directional ternary 

pattern technique with enhanced edge indicator function and 

Otsu thresholding-based level set model is proposed.  

In this study, we proposed an adaptively regularized 

kernel-based fuzzy C-means clustering algorithm and level 

enhanced segmentation for segmentation process. For an 

image Xthe image space is formed with a set of grayscales gt 

at pixel t (t=1,2,…,N), A={a1,a2,…,aN}∈ 𝑅𝑙 in l dimensional 

space, cluster centers 𝑐 = {𝑐1, 𝑐2, . . . , 𝑐𝑝} , where p is a 

positive integer (2 < 𝑝 << 𝑁). Each pixel t in the kth cluster 

has a membership value mtk. The FCM algorithm's objective 

function is calculated as follows: 

𝐽𝐹 = ∑ ∑ 𝑚𝑡𝑘
𝑤 ‖𝑎𝑡 − 𝑐𝑘‖𝑝

𝑘=1
𝑁
𝑡=1

2
,        (3) 

where w is the fuzziness weighting exponent, and w>1. The 

‖𝑎𝑡 − 𝑐𝑘‖2is the grayscale Euclidean distance.  

The membership value mtkis limited using the following 

conditions: 

∀𝑡 ∈ [1, 𝑁], 𝑘 ∈ [1, 𝑝]   (4) 

∑ 𝑚𝑡𝑘 = 1, 𝑚𝑡𝑘 ∈ [0,1], 0 ≤ ∑ 𝑚𝑡𝑘
𝑁
𝑡=1 <

𝑝
𝑘=1 𝑁  (5) 

Utilizing the alternate optimization, the cluster center (𝑐𝑘) 

and membership function (𝑚𝑡𝑘) are updated as follows: 

𝑚𝑡𝑘 =
1

∑ (‖𝑎𝑡−𝑐𝑘‖2 ‖𝑎𝑡−𝑐𝑙‖2⁄ )1/(𝑤−1)𝑝
𝑙=1

         (6) 

𝑐𝑘 =
∑ 𝑚𝑡𝑘

𝑤 𝑎𝑡
𝑁
𝑡=1

∑ 𝑚𝑡𝑘
𝑤𝑁

𝑡=1
              (7) 

The FCM technique is also susceptible to noise, which 

decreases the accuracy of the clustering technique and reduces 

image artifacts and it is mainly because the objective function 

in equation (3) does not use any local information. To 

overcome this problem, the regularization parameter is 

included in this work to improve the segmentation and keep 

the image details intact. The regularization parameter used to 

enhance the accuracy is Gaussian radial basis function 

(GRBF).  To control the amount of contextual information 

used, the regularization term τ is used. The noise level varies 

from one window to another, hence we are incapable of using 

a fixed value for τ for every pixel. Based on the pixel being 

processed, the τ value is adaptively computed.  

The Local Variation Coefficient (LVC)[25] is first measured 

and normalized concerning the local average grayscale to 

determine the discrepancy between grayscales in the local 

window. The value of LVC increases in the presence of noise, 

resulting in greater variability between the central pixel and its 

neighbors. Assume  

𝐿𝑣𝑎𝑟_ 𝑐𝑜𝑒𝑓𝑡
=

∑ (𝑎𝑙−�̄�𝑡)2
𝑙∈𝑁𝑡

𝑁𝐶∗(�̄�𝑡)2 ,   (8) 

where 𝑎𝑙  is the grayscale value of the pixel in the local 

window, 𝐿𝑣𝑎𝑟_ 𝑐𝑜𝑒𝑓 represents LVC, 𝑁𝐶   is the cardinality 

value of 𝑁𝑡, and �̄�𝑡is the mean grayscale value. To infer the 

weights within the local window, 𝐿𝑣𝑎𝑟_ 𝑐𝑜𝑒𝑓𝑡
is applied to the 

exponential function as shown below: 

𝜌𝑡 = 𝑒𝑥𝑝 (∑ 𝐿𝑣𝑎𝑟_ 𝑐𝑜𝑒𝑓𝑙𝑙∈𝑁𝑡,𝑡≠𝑙 )        (9) 

𝜐𝑡 =
𝜌𝑡

∑ 𝜌𝑡𝑙∈𝑁𝑡

    (10) 

𝜙𝑡 = {

2 + 𝑣𝑡 , �̄�𝑡 < 𝑎𝑡

2 − 𝑣𝑡,

0,

�̄�𝑡 > 𝑎𝑡

�̄�𝑡 = 𝑎𝑡

          (11) 

The parameter 𝜙𝑡 assigns greater values to pixels with 

large LVC values and allocates smaller values for pixels with 

lower LVC values. If the values of the central pixel grayscale 

and local average grayscale are the same, then the algorithm 

behaves like a conventional FCM algorithm making the value 

of 𝜙𝑡  as 0. To preserve the image details and balance the 

convergence rate the value of 𝜙𝑡 to 2.  

The weighted image is generated by forming �̄� which is 

the grayscale value of the average actual image filter and it can 

be replaced with the recently created weighted image �̄�𝑡 and 

it is derived using the below equation (12): 

�̄�𝑡 =
1

2+𝑚𝑎𝑥(𝜙𝑡)
(𝑎𝑡 +

1+𝑚𝑎𝑥(𝜙𝑡)

𝑁𝐶−1
∑ 𝑎𝑗𝑗∈𝑁𝑡

)        (12) 

where 𝑎𝑗  and 𝑁𝑡  represents the grayscale and adjacent 

pixels i. The above formula is mainly used to create the 

weighted image using 𝜙𝑡 to make the image that is free of 

parameters that are difficult to change. To balance the 

contextual details, the ARKFCM structure is developed by 

comparing the adaptive regularization parameter 

𝜙𝑡associated with each pixel. Equation (13) illustrates how the 

ARKFCM's objective function is calculated: 

𝐽𝐴 = 2[∑ ∑ 𝑚𝑡𝑘
𝑤𝑝

𝑘=1
𝑁
𝑡=1 (1 − 𝐾(𝑎𝑡, 𝑐𝑘)) +

∑ ∑ 𝜙𝑡𝑚𝑡𝑘
𝑤 (1 − 𝐾(�̄�𝑡, 𝑐𝑘))

𝑝
𝑘=1

𝑁
𝑡=1 ]        (13) 

𝑚𝑡𝑘 =
((1−𝐾(𝑎𝑡,𝑐𝑘))+𝜙𝑡(1−𝐾(�̄�𝑡,𝑐𝑘)))

−1/(𝑤−1)

∑ (1−𝐾(𝑎𝑡,𝑐𝑙))+𝜙𝑡(1−𝐾(�̄�𝑡,𝑐𝑙))
𝑝
𝑙=1

      (14) 

𝑐𝑡 =
∑ 𝑚𝑡𝑘

𝑤𝑀
𝑡=1 (𝐾(𝑎𝑡,𝑐𝑘)+𝑎𝑡)+𝜙𝑡(𝐾(�̄�𝑡,𝑐𝑘)�̄�𝑡)−1/(𝑤−1)

∑ 𝑚𝑡𝑘
𝑤 (𝐾(𝑎𝑡,𝑐𝑘))+𝜙𝑡(𝐾(�̄�𝑡,𝑐𝑘))

−1/(𝑤−1)𝑝
𝑙=1

    (15) 

When the value of �̄� is replaced with the grayscale value of 

the original image's average/median filter, the ARKFCM 

algorithm is defined as ARKFCM-I/ARKFCM-II. The 

algorithm is defined as ARKFCMv if is replaced with the 

weighted image provided by equation (12). The ARKFCM 

algorithm is formulated using the following steps: 

Step-1: Initialize threshold value T=0.01, w=2, loop count 

lc=0,c, and m(0). 

Step-2: Compute the adaptive regularization parameter 𝜙𝑡. 

Step-3: Compute the value �̄�  to generate algorithm 

ARKFCM-I/ ARKFCM-II and compute the value �̄�  to 

generate algorithm ARKFCMv 

Step-4: Compute the cluster centers 𝑐𝑡
(𝑙𝑐)

 and 𝑚(𝑙𝑐) using 

equations (14) and (15) 

Step-5: If maximum ‖𝑚(𝑙𝑐+1) − 𝑚(𝑙𝑐)‖ < 𝑇𝑜𝑟𝑙𝑐 > 100 

then terminates the process or else update the value of 𝑙𝑐as 

𝑙𝑐 = 𝑙𝑐 + 1 and execute step-3. 
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3.2.1 Selective level segmentation with ARKFCM 

algorithm 

The selective level set segmentation[26,27] starts with an initial 

interface ψ0 and ends with a locally optimal site ψe used for 

segmenting the liver tumor images. The ARKFCM algorithm 

deals with inaccuracy and inconsistencies present in the image. 

It divides the image constituents into N classes, with equal 

components in one class and dissimilar components in the 

other. In the Hamiltonian-Jacobi level set model(HJ-LSM),[28] 

a constant balloon force(b0) is associated with the image 

gradient that is either drawn or directed towards the dynamic 

interface. The object indication function is used to modulate 

the constant force for image segmentation where the value 

near boundaries is zero and the value near the homogeneous 

regions is higher. The convention model proposed by Chan 

and Vese[29] is formulated as shown below: 

𝐾 = ∫ 𝑖 • 𝐻(𝜓)𝑑𝑎𝑑𝑏
𝜎

− ∫ 𝑖 • (1 − 𝐻(𝜓))𝑑𝑎𝑑𝑏
𝜎

     (16) 

In the above equation (16), i represent the intensity variance 

and 𝐻(𝜓) is the Heaviside function. The value of K is often 

high due to the presence of noise and inhomogeneity which 

will often lead to level set evolution. For selective region 

competition, a new term is presented as follows: 

𝐾 = ∑ 𝛼𝑟 −𝑟∈𝑅 ∑ 𝛼𝑖(𝑖∈𝑀)∩(𝑖∉𝑅)     (17) 

𝜓0 = 2(∑ 𝛼𝑟 > 𝑐) − 1          (18) 

The parameter 𝛼𝑟 is similar to the value derived from the 

above equation which represents the components derived 

using the ARKFCM algorithm. The components left out from 

the ARKFCM algorithm are represented using the parameter 

𝛼𝑖. The parameter c is a customizable parameter whose value 

falls between 0 and 1 and it is set to 0.5 in this work for 

efficiency. The fuzzy region force value K varies between -1 

and 1. The sign mainly represents the augmentation and 

contraction of the dynamic interface. To move the dynamic 

interface towards the area of interest, the benefits of the 

ARKFCM clustering along with a signed balloon force is 

formed as follows:  

𝑂 = [1 − 𝛽(2 ∑ 𝛼𝑟 − 1)]𝑏0    (19) 

The tradeoff parameter 𝛽(0 ≤ 𝛽 ≤ 1)  utilizes two 

conditions: If 𝛽  =0, the value of the balloon force(b0) is 

constant. If 𝛽 =1, the value of the balloon force(b0) is altered 

using the selective ARKFCM membership function ∑ 𝛼𝑟. The 

balloon force output O is a matrix that comprises a parameter 

that moves forward or drags the force towards each pixel. 

To overcome the boundary leakage problem, a standard 

object indication function is presented to enhance a faster 

convergence as shown below: 

𝑊 = 𝑒−10 𝑚𝑎𝑥(𝛾.𝑛𝑗,(1−𝛾)𝑛𝛼)   (20) 

The parameter γ balances the tradeoff between different 

object indication functions and to improve the convergence of 

the level set evolution a constant value of 10 is used. 𝑛𝛼is a 

term that mainly occurs as a result of the membership function 

present in the ARKFCM algorithm. The normalized edge 

indicator 𝑛𝑗for the image gradient is presented as follows: 

𝑛𝑗 =
𝑛−𝑚𝑖𝑛(𝑛)

𝑚𝑎𝑥(𝑛)
    (21) 

where the value n indicates 

𝑛 =
1

1+|𝛻(𝐺𝑘∗𝛧)|2    (22) 

The above equation (22) mainly generates a convolution 

between the Gaussian kernel 𝐺𝑘 and the image 𝛧.  

The above solutions can be merged to create a selective 

level set segmentation process as follows: 

{
𝜕𝜓

𝜕𝑒
= 𝛿(𝜓)[𝜆𝑊 • 𝑂 + (1 − 𝜆)𝐾]

𝜓(𝑎, 𝑏, 𝑒 = 0) = 𝜓0(𝑎, 𝑏)
   (23) 

In the above equation (23), 𝛿 is the Dirac function of the 

dynamic interface, and the coordinating parameter is 

represented as λ. The interface should be close to the signed 

distance function when level set evolution is taking place. 

Hence, the dynamic interfaces are re-initialized in periodic 

sequences for the signed distance function. The interface 

evolution is conducted as shown below: 

{
𝜕𝜓

𝜕𝑒
= 𝛿(𝜓)[𝜆𝑊 • 𝑂 + (1 − 𝜆)𝐾]

𝜓 = 𝐺𝑘 ∗ 𝜓
           (24) 

The convolution operation is represented using a* and the 

Gaussian smoothing kernel is represented as 𝐺𝑘. 

The selective area (tumor regions) in the liver ultrasound 

images is segmented using the level set steps provided below: 

Step 1: Execute the steps in the ARKFCM algorithm 

Step 2: Select the important region of interest[𝛼𝑟] 

Step 3: Calculate the improved object indication function W 

from equation (20) and signed balloon force O from equation 

(19). 

Step 4: Initialize the value for the dynamic interface using 

equation (18) and assign it to ψ. 

Step 5: Calculate H(ψ), δ(ψ), Δ(ψ), and 𝛻(𝜓). 

Step 6:  Compute the ARKFCM algorithms region force 

value K. 

Step 7: Improve and standardize the dynamic interface value 

as shown in equation (24) 

Step 8: If the end condition is not met, Go to steps 5 and repeat 

the process.  

 

3.3 Feature extraction 

The steps involved in the derivation of features from each 

segmented image are disclosed in this section. Generally, the 

DWT performance with few inacurate results during feature 

extraction. Hence, we added DWT with partial Hadamard 

transform for better results in terms of feature extraction. The 

features are derived by the utilization of hybrid DWT-based 

Partial Hadamard Transform. These derived features can be 

applicable for translation, rotation, and scaling. Besides two-

level DWT[30] is used to process the segments and following 

this employed partial Hadamard transform[31,32] to derive the 

multidirectional attributes from the low-frequency subband.  

At the same time, DWT can be used to derive the features of a 

segmented image by sequential low and high pass filtering. 

Thus, the DWT can be expressed as,  

ℎ(𝑥) = ∑ 𝑎𝑖0𝑘 (𝑘)𝜑𝑖0,𝑘(𝑥) + ∑ ∑ 𝑑𝑖(𝑘)𝜓𝑖,𝑘(𝑥)𝑘
∞
𝑖=𝑖0

   (25) 

The wavelet coefficients and the coarser signal 
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approximate expanded coefficient can be indicated as 

𝑑𝑖and𝑎𝑖0
. Meanwhile, the basic function that is derived from 

the translation and dyadic dilation process is represented as, 

𝜑𝑖0,𝑘(𝑥) and 𝜓𝑖,𝑘(𝑥) can be expressed as,  

𝜑𝑖0,𝑘(𝑥) = 2𝑖/2𝑓𝑖(2𝑖𝑥 − 𝑘)    (26) 

𝜓𝑖0,𝑘(𝑥) = 2𝑖/2𝑔𝑖(2𝑖𝑥 − 𝑘)    (27) 

Consequently, the translation and dilation parameters are 

represented as k and high pass and low pass filter coefficients 

for the liver tumor image It is determined as fi and gi 

respectively. After the employment of wavelet coefficients, the 

partial Hadamard transform is applied. The partial Hadamard 

transform is explained using the following processes. A row 

vector of length m is represented as 𝐴 = [𝑎1, 𝑎2, . . . , 𝑎𝑚]. 
Here m<Z and Z=2z (Z is the length of the vector xD) and 

all the variables present in A are strictly positive integers with 

𝑎𝑖 ≠ 𝑎𝑗 for every 𝑖 ≠ 𝑗 . The vector A can be randomly 

generated and plays a key role in the feature extraction process 

to leave out the unimportant features. Using A, a submatrix for 

the Hadamard matrix (Hz) is represented as Pz and the ith row 

of Pz is the ai
th row of HZ for i∈ [1,2, . . . . , 𝑚]. Now the size of 

the PZ is computed as m × z. The partial Hadamard transform 

shown below can be performed when once P is formed using 

the random vector A.  

𝑥𝐻 = 𝑃𝑧𝑥𝐷          (28) 

The complex value vector xH is formed by satisfying the 

Hadamard transform properties. The Hadamard transform 

needs to satisfy the following properties: 

• Every entry equal±1. 

• Any two rows of the Hz matrix are orthogonal 

• Hz is both symmetric and orthogonal.  

The transformations in a Hadamard matrix are non-

invertible and PZ is a row reduced submatrix of HZ which is 

always a column rank deficient. For equation (28), there exist 

multiple solutions based on the linear algebra point of view. 

The values of the features extracted using the DWT-Partial 

Hadamard transform fall in the range +1 or -1. Since equation 

(28) includes no multiplication operation, the partial 

Hadamard transform involves less computational complexity 

and can be implemented using different Hadamard transform 

structures. Using the hybrid-DWT-based partial Hadamard 

transform, the feature vectors of each segment of the tumor are 

computed. After the features for each segment is extracted it 

should be matched to one another to identify the matched 

segments. 

 

3.4 Classification 

The classification process is carried out with the aid of a 

hybrid artificial neural network-based Monarchy Butterfly 

Optimization algorithm.  

 

3.4.1 Artificial neural network 

An artificial neural network[33,34] is made up of input, hidden, 

and output layers. Any of these may have more than one 

hidden layer. All the layers are linked by using a connection 

known as weight (numeric number). The output layer can be 

expressed as,  

   𝑁𝑂 = 𝜒(∑ 𝑊𝑁𝑖𝑗𝑥𝑗 + 𝑇𝑁𝑖
ℎ𝑖𝑑𝑁

𝑗=1 )  (29) 

Here, function 𝜒()is used to denote the activation function 

or transfer function. N is the total number of neurons and 

𝑊𝑁𝑖𝑗 is used to represent the weights and 𝑥𝑗 is the input 

neuron. 𝑇𝑁𝑖
ℎ𝑖𝑑is the threshold terms that are used to note the 

hidden neurons. The activation function is used to introduce 

the nonlinearity function. An example of activation function is 

sigmoid function and can be expressed as, 

𝜒(𝑢) =
1

1+𝑒𝑥𝑝(−𝑢)
           (30) 

There are different types of activation functions but the 

simplest and easiest one is the sigmoid function. Most 

probably, the Artificial Neural Network (ANN) is the 

numerical indication of human neural architecture which 

reflects human knowledge and aptitudes. More often the 

automatic liver tumor diagnosis is an intricate one and 

supports manual diagnosis which is a time-consuming process 

and hence ANN is the better option for the replacement of 

manual operations. This approach classifies the liver tumor 

cell accurately within a short period of time and thus 

minimizes the time consumption. For this reason, we adopted 

an artificial neural network for the classification process. 

Further to enhance the classification accuracy we have 

taken an optimization algorithm known as the Monarchy 

Butterfly optimization (MBO) algorithm. The ANN is trained 

using the MBO algorithm which minimizes the error rate by 

adjusting the weights and biases of the ANN appropriately. 

 

3.4.2 Monarch butterfly optimization algorithm 

Monarch butterfly optimization (MBO's) approach initiates 

the migration activity of monarch butterflies.[35,36] Every 

monarch butterfly is found in two countries, one in the north 

of the United States and one in the south of Canada. The 

offsprings are generated using the migration operator in the 

initial stage. The migration ratio adjusts the total number of 

offsprings. Hence, the other butterflies' positions are 

determined via the butterfly adjusting operator. Update the 

monarch butterflies position using the migration operator that 

generates the offsprings. It is adjusted using the ratio of 

migration. Tune the positions for other butterflies by means of 

butterfly adjusting operator. The fitness evaluations are 

minimized and in order to keep the population unchanged. The 

land one (L1) and land two (L2) are the two subpopulations of 

individual monarch butterflies, which is denoted as below: 

𝐿1 = 𝑃1 × 𝐶𝑒𝑖𝑙(𝑟 × 𝑃)             (31) 

𝐿2 = 𝑃 × 𝑃 × (𝑃1)               (32) 

From the above equations (31) and (32), the operator 

rounds are ceil(a) in which ‘a’ value greater than or equal to‘a’. 

The migration ratio of L1 is r and the total amount of monarch 

butterfly population is P. The new child population is 

generated L1 and L2 in monarch butterflies. 

The population is kept as constant in which the value of 

parent butterflies is forever better than the child. If the child 
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remains unchanged, the population will continue to grow, and 

successful individuals will emerge. The below equation (33) 

formulate this concept.  

𝐵𝑡,𝑘
𝑔+1

= 𝐵𝑏1,𝑘
𝑔

       (33) 

At the g+1thgeneration, the kth position (B) of the butterfly 

t is represented as 𝐴𝑡,𝑘
𝑔+1

. For each monarch butterfly b1, the 

kth updated components are denoted as 𝐴𝑏1,𝑘
𝑔

. Where g is the 

number of iterations. When the value of L1 is less than or 

equal to r, the value of b is modified using the equation (34) 

below. 

𝑏 = 𝛾 × 𝜆               (34) 

where the time in use for migration is𝜆and the uniform and 

random manner is expressed as 𝛾. If the value of r is less than 

b, the element k for the new monarch butterfly is expressed 

using the equation (35) below. 

𝐵𝑏,𝑘
𝑔+1

= 𝐵𝑏2,𝑘
𝑔

        (35) 

For each butterfly b2, the kth updated element 𝐵𝑏2
 is 

denoted as𝐵𝑏,𝑘
𝑔+1

 . While the value of r is bigger, there is a 

logical balance between L1 and L2.[37] If p is big, more 

elements from monarch butterflies in L1 will be selected. If p 

is small, more elements from monarch butterflies in L2 will be 

selected. If the child value for butterfly t is less than or equal 

to r, the butterfly location is modified using the following 

equation. 

𝐵𝑡,𝑘
𝑔+1

= 𝐵𝑏𝑒𝑠𝑡,𝑘
𝑔

              (36)                                  

where, the kth individual of Bbest is denoted as 𝐵𝑏𝑒𝑠𝑡,𝑘
𝑔

 thereby 

providing optimal population result. The position is updated 

when the r-value is lesser than 𝜆. 

𝐵𝑡,𝑘
𝑔+1

= 𝐵𝑏3,𝑘
𝑔

            (37)                                           

𝑏3 ∈ [1,2, . . . . . . . . . , 𝑃2]         (38)                                

From L2, the kth arbitrarily chosen monarch butterfly Bb3 

is𝐵𝑏3,𝑘
𝑔

. Update the position value if the butterfly adjustment 

rate (Badj) is less than the value𝛾. 

𝐵𝑡,𝑘
𝑔+1

= 𝐵𝑡3,𝑘
𝑔

+ 𝛽 × (𝑑𝐵𝑘 − 0.5)         (39) 

In the above equation (39), the monarch butterfly walking 

step is represented as dB. The value of dB is computed as 

shown below: 

𝑑𝐵 = 𝐿𝑒𝑣𝑦(𝐵𝑡
𝑔

)            (40)                    

The weighting coefficient is indicated using 𝛽  value as 

shown in equation (41).  

𝛽 =
𝑚𝑤

𝑔2                (41)                                     

The maximum walking step taken by the butterfly is 

expressed as mw for a single step. Create the long search step 

that increases to𝛽. If the value of 𝛽 is high then the algorithm 

enters into the exploration phase which improves the influence 

of d Bin 𝐵𝑡,𝑘
𝑔+1

. 

If the value of 𝛽 is low, then the algorithm enters into the 

exploitation phase. The exploitation stage is resultant while 

allocating the value 𝛽 is small. Algorithm 1 demonstrates the 

MBO algorithm. 

 

3.4.3 Formulation of hybrid artificial neural network-

based monarchy butterfly optimization algorithm 

The liver tumor classification framework is presented in Fig. 

2. In the initialization stage, the input and output vector of the 

liver tumor classification problem is evaluated. Based on the 

problem, the ANN structure is built. The structure mainly 

comprises the number of neurons in each layer and the number 

of layers in the ANN. The weights of the links that connect 

two neurons, and the output threshold values of the hidden 

nodes are also considered crucial features. The position vector 

of the butterfly in the Monarchy Butterfly Optimization (MBO) 

algorithm is one of the important parameters of the ANN 

network. Each butterfly in the population represents the neural 

network's initial configuration. Even though the ANN is 

capable of modeling complex data in a non-linear manner, its 

output is largely determined by the initial parameter setting.[38] 

The MBO algorithm is used to set the ANN network's initial 

parameters. The ANN is trained to produce a final prediction 

model using the backpropagation algorithm. Each butterfly in 

the subpopulation is converted into an ANN parameter 

configuration during the optimization process, and the ANN is 

then trained using the training data. The butterfly with the 

lowest prediction error is selected as the global best butterfly. 

After the end condition is met, the global best solution 

obtained is used as the ANN network's initial configuration.[39] 

The number of input and output neurons corresponds to the 

amount of input and output data. The ANN formed using the 

MBOs optimal topology in this work comprises four inputs, 

one hidden layer with five neurons, and one output layer with 

two neurons(4-5-2). The population size of the MBO 

algorithm is set to 10 and the algorithm is run a maximum of 

10 times to achieve the enhanced accuracy with less error rate.  

Algorithm 1: Monarch Butterfly Optimization (MBO) 

algorithm 

Start 

Initialize the MBO parameters with the maximum 

number of iterations 

While (g<Maxg) 

Evaluate the fitness function 

Generate the subpopulations as L1 and L2 

Equation (1) is used to generate subpopulation L1 

Equation (2) is used to generate subpopulation L2 

Combine the novel created sub-populations 

The current optimal individual is determined 

End while 

Determine the global most excellent individuals 

End  

 

4. Result and discussion 

The proposed HNNMBO method performance is evaluated in 

this section. The proposed methodology is implemented using 

MATLAB 2018a software. To evaluate the efficiency of the 

proposed work for liver tumor classification, various varieties 

of evaluation criteria with state-of-the-art comparison are used. 
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Fig. 2 Hybrid ANN-MBO approach for liver tumor classification. 

 

4.1 Dataset explanation 

The experimental images were obtained from the Liver Tumor 

Segmentation (LiTS) dataset.[40] There are three different types 

of tumors such as metastatic carcinoma, hepatocellular 

carcinoma and meningioma with patients details were 

included in this dataset. For testing the model, consider 70% 

of the data and rest of 30% for testing process. Five-fold cross-

validation is used for the training and testing process.[41] Under 

image enhancement, resize the images into 180 × 180 

resolution. Without losing important information, the 

dimension reduction is performed to reduce the computation 

and training time. The comparative analysis is conducted by 

executing every method on the LiTS dataset using the Matlab 

programming language.  

 

4.2 Performance measures: 

The liver tumor classification using the proposed method is 

evaluated via various measures including accuracy (A), 

specificity (Spe), sensitivity (Sen), precision (P), false positive 

rate (𝐹𝑃𝑅 ), false negative rate (𝐹𝑁𝑅 ), false discovery ratio       

(𝐹𝐷𝑅), negative predictive value (𝑁𝑃𝑉) and F-score. 

 

4.3 Performance analysis 

Table 1 demonstrates the segmentation result. This 

experimental investigation is conducted between different 

methods for segmentation result analysis. Two segmentation 

techniques namely ARKFCM with an enhanced level set[23] 

and Otsu thresholding-based level set with enhanced edge 

indicator function and local directional ternary pattern 

technique (OT-LSEEIF-LDTP)[24,25] are applied to the 

proposed technique to test its efficiency. In OT-LSEEIF-LDTP, 

initially, the contrast limited adaptive histogram equalization 

technique is applied which increases initial image contrast 

while maintaining image brightness and also improves the 

accuracy of liver Ultrasound images. Following image 

enhancement, a local directional ternary pattern technique and 

an Otsu thresholding-based level set with an enhanced edge 

indicator function are utilized for segmenting the liver 

lesion/tumor region.

Table 1. Segmentation result. 

Methodology  Dice coefficient  

Graph-based algorithm  94% 

Empirical greedy machine 87% 

ACS-AOT 92% 

ARKFCM with enhanced level set 97.11% 

OT-LSEEIF-LDTP 99.43% 

ARKFCM with enhanced level set with the hybrid neural network with MBO 99.32% 

OT-LSEEIF-LDTP with the hybrid neural network with MBO 99.87% 
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Fig. 3 State-of-art performance analysis (a) accuracy, (b) specificity, (c) sensitivity, (d) precision,(e) false positive rate, (f) false 

negative rate, (g) false discovery ratio, (h) negative predictive value and (i) F-score. 

(a)

(a)
(b)

(d)(c)

(e) (f)

(i)

(h)

(g)
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From this investigation, the graph-based algorithm, empirical 

greedy machine, active contour segmentation with adaptive 

Otsu based thresholding (ACS-AOT), ARKFCM with an 

enhanced level set, OT-LSEEIF-LDTP, ARKFCM with 

enhanced level set with the hybrid neural network with MBO. 

and OT-LSEEIF-LDTP with the hybrid neural network with 

MBO provided 94%, 97.11%, 99.43%, 99.32% and 99.87% 

segmentation results. 

Fig. 3 explains the state-of-art performance analysis with 

respect to different evaluation measures such as accuracy, 

specificity, sensitivity, precision, false-positive rate, false-

negative rate, false discovery ratio, negative predictive value, 

and F-score. Figs. 3(a) to 3(i) represents the classification 

evaluation of the proposed model with various conventional 

approaches including Support Vector Machine (SVM), A-

bLSTM, Deep Learning (DL), Harmony Search Algorithm 

based Hybrid Deep Learning (HSA - HDL) and the proposed 

method. From Fig. 3(a), the proposed accuracy percentage is 

increased to 96.69%. The SVM, A-bLSTM, DL, HSA-HDL 

and proposed method accomplished 83%, 90%, 89%, 92% and 

96.69% respectively. Nevertheless, the proposed method 

demonstrated higher accuracy than other existing methods. 

The specificity and sensitivity results are 95.85% and 95.89% 

by using the proposed method from Figs. 3(b) and 3(c).  

According to Figs. 3(d) and 3(e), the precision and false 

positive rate is 95.89% and 3.846%. Further, the proposed 

method yielded a 0.134% false-negative rate and 0.89% false 

discovery ratio according to the investigation as shown in Figs. 

3(f) and 3(g). The proposed technique demonstrates 95.38% 

negative predictive value and 87.09% F-score values than 

other methods. Anyway, the proposed method accomplished 

superior performances than other existing methods. 

Fig. 4 explains the computational complexity. This 

experiment is conducted between different existing methods 

such as SVM, A-bLSTM, DL, HSA-HDL and proposed with 

respect to computational time as mentioned in seconds. The 

computational complexity of SVM, A-bLSTM, DL, HSA-

HDL and proposed method is 1.244s, 1.575s, 1.8936s, 3.2945s 

and 1.0099s. Anyway, the proposed method takes minimum 

computational time than another method.  

 
Fig. 4 Computational complexity analysis. 

Table 2 explains the five-fold cross validation results.  

Further, the one-to-five-fold validations with respect to 

Matthews correlation coefficient (MCC), accuracy, specificity 

and sensitivity results are obtained as delineated in Table 2.  

Table 2. Five-fold cross validation results. 

 

Training set 

Performance measures 

MCC(%) Specificity 

(%) 

Accuracy 

(%) 

Sensitivity 

(%) 

1 42.47 94.89 95.90 94.78 

2 32.85 95.01 95.91 93.89 

3 53.17 93.67 96.01 94.12 

4 42.37 94.56 95.67 92.67 

5 52.27 95.85 96.69 95.89 

 

5. Conclusion 

This study proposed the novel method by utilizing a hybrid 

artificial neural network-based monarch butterfly 

optimization algorithm (HNNMBO) for liver tumor 

classification. In this study, the adaptively regularized kernel-

based fuzzy C-means clustering algorithm and level enhanced 

segmentation algorithm are used for image segmentation. The 

hybrid DWT with partial Hadamard transform model is used 

for feature vector extraction thereby the liver tumor 

classification is carried out for the HNNMBO algorithm. The 

proposed work was implemented using MATLAB 2018a 

software in which images from the LiTS dataset. We have 

obtained 94%, 97.11%, 99.43%, 99.32%, and 99.87% 

segmentation performance by using Graph-based algorithm, 

ARKFCM with an enhanced level set, OT-LSEEIF-LDTP, 

ARKFCM with enhanced level set with the hybrid neural 

network with MBO and OT-LSEEIF-LDTP with the hybrid 

neural network with MBO methods. According to the 

classification examination, the proposed method provides 

96.69% accuracy, 95.85% specificity, 95.89% sensitivity, 

95.89% precision, 3.846% false-positive rate, 0.134% false-

negative rate, 0.89% false discovery ratio, 95.38% negative 

predictive value, and 87.09% F-score values than other 

existing methods such as SVM, A-bLSTM, DL and HSA-HDL 

methods. 
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