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Abstract

One of the recent ways of checking the internal organs such as kidneys, gallbladder, liver, and spleen is using an abdominal
US image. US image is more familiar for its unique characteristics like radiation-free, safe, cheaper and faster. However, the
thing to be considered is that US images cannot grant a precise view of affected regions. More particularly the unprocessed
US images comprise a lot of embedded noises. Thus the digital processing is a promising result for improving the quality
of US images. This paper intends to propose a novel model for abdominal masses detection with US images. This detection
model comprises two phases: feature extraction as well as Classification. In the feature extraction process, texture features
are extracted from the US image by AGLOH. Then in the classification stage, the optimized ISLSR model is used to detect
whether the mass is present in the abdomen or not, where the coefficient matrix is optimally tuned using a new hybrid Lion
and Whale Optimization algorithm. The performance analysis of the proposed method is compared with existing techniques
such as GLCM-SVM, GLCM-NN, GLCM-LDCA, AGLOH-SVM, AGLOH-NN, AGLOH-LDCA, AGLOH-ISLSR-LA, and
AGLOH-ISLSR-WOA. The performance of the developed method is analyzed in terms of both positive as well as negative
measures: the positive measures include accuracy, sensitivity, specificity, and precision, NPV, F; Score, and MCC. The
negative measures include FPR, FNR, and FDR, and the efficiency of the proposed model is proved.

Keywords Abdominal mass diagnosis - US image - AGLOH - ISLSR model - Performance measures

Abbreviations NPV Negative predictive value
ARPKD Autosomal recessive polycystic kidney MCC Mathews correlation coefficient

disease AGLOH Adaptive gradient location and orientation
MRI Magnetic resonance imaging histogram
CT Computed tomography GLCM Grey level co-occurrence matrix
RUSBOOST Random under-sampling boosting LDCA Link discovery based on correlation
FROC Free response operating characteristics analysis
HMBS Homogeneity modified Bayes shrink SVM Support vector machine
DPM Deformable part models SD Standard deviation
CAP Computer-aided prediction BANN Back propagation artificial neural network
FPR False positive rate [N Ultrasound
FNR False negative rate ISLSR Incomplete sparse least square regression
FDR False discovery rate ALN Axillary lymph node
NN Neural network CAD Computer-aided diagnosis
OBNLM Optimize Bayesian non-local mean filter MS-GGVF  Multi-scale generalized gradient vector

flow
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1 Introduction

Basically, the abdominal mass meant either gradual exten-
sion or swelling, especially in human anatomy. Based on
the location, the abdominal mass might get varied, it may
be caused by many reasons like hepatomegaly, spleno-
megaly, pancreatic [1] mass, retroperitoneum, etc. [2].
Abdominal masses are normally unpredictably viewed on
from the physical consideration of daily routine. It would
also detect as abdominal imaging [3, 4]. The abdominal
masses are basically more extensible, which ranges from
‘benign’ to ‘neoplastic’ that are often originates from the
cavity of intra-abdominal [5]. The related prenatally as
well as renal mass is actually unilateral, which obtains
from either ‘obstruction’ junction or ‘vesicoureteral
reflux.” Moreover, ‘hydronephrosis’ often occurs due to
‘multicystic’ dysplastic kidneys, and it is determined as
numerous non-communicating cysts. The size of the cyst
normally differs (minimum to normal renal tissue). The
mass that termed as ‘Bilateral renal masses’ is found on an
investigation or from imaging, which is concerned with a
specific disease named ‘ARPKD.” The appearance of this
disease varies from hyperplasia degree of the assembling
tubules that further might be perceived in utero or it would
be advanced from the individual’s childhood.

The initial examination or investigation of suspected
abdominal mass is indicated with the aid of imaging stud-
ies named ‘Plain abdominal Radiographs’. This study of
radiographs must aid in describing the location of the
mass and its corresponding density, which also might
grants either valued information or data in correspond-
ence with an intestinal obstruction that also comprises
the presence of lack of air or multi-air fluid levels in the
rectum. With this, the classification [6—12] plays a major
role in the specification of tumor occurrence like ‘terato-
mas’, ‘neuroblastoma’, and ‘lithiasis’. Imaging is a leading
technique for sampling non-palpable organ abnormalities,
along with the determination of extended cancer tumors
[13, 14], which are local as well as loco-regionally. The
therapy responses establish a subordinate role in imag-
ing. Numerous imaging modalities are in progress that
includes: ‘MRI’ [15, 16] that shows promising results for
noticingoccult cancers, which is also more useful in deter-
mining the extension of malignant disease. Likewise, CT
[17] scan is more helpful in viewing the lung tumors than
repeated chest x-rays. The imaging technique effectively
shows the size, shape, and location of tumors that pre-
sent in the lung and also aids in identifying the prolonged
lymph [18] nodes that comprise cancer that has feast from
the lung.

Further, the imaging named US imaging is subsequently
aided as an important supplement to physical analysis [19,
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20] for the evaluation of varied masses. The US can distin-
guish the cystic that present in solid masses and with this,
it aids in discriminating the benign from the solid masses
like malignant solid masses. Moreover, it can detect cer-
tain non-palpable carcinomas, which are missed out by
other imaging models, and this is more efficient for screen-
ing breast cancer [21-23], which is already proven from
many researchers. It achieves due to its specific real-time
ability, and further the US images [24, 25] also becomes
the important model of guiding the procedure of percu-
taneous interventions on cancer diseases. Generally, the
count of cancer detection models that uses US imaging
[26-30] is available more, which is categorized on the
basis of un-structural morphology, sequence analysis, bio-
chemical characteristics, etc. Even though the proficiency
of US imaging is already proved in enormous cancer diag-
nosing models; only little contributions have been adopted
in diagnosing abdominal masses, which is mentioned in
the literature section. Thus this has a large scope for future
researches in diagnosing modality of abdominal masses
with the aid of US images. This paper propose novel
Incomplete Sparse Least Square Regression (ISLSR) opti-
mization for abdominal masses detection with US images
which has been used in the various field such as [31-34].

This paper proposes a novel model for abdominal masses
detection with US images. This detection model comprises
two phases: feature extraction as well as Classification. In
the feature extraction process, texture features are extracted
from the US image by AGLOH. Then in the classification
stage, the optimized ISLSR model is used to detect whether
the mass is present in the abdomen or not, where the coeffi-
cient matrix is optimally tuned using a new hybrid Lion and
Whale Optimization algorithm. The performance analysis
of the proposed AGLOH method is compared with exist-
ing techniques such as GLCM-SVM, GLCM-NN, GLCM-
LDCA, AGLOH-SVM, AGLOH-NN, AGLOH-LDCA,
AGLOH-ISLSR-LA, and AGLOH-ISLSR-WOA. The rest
of the paper is organized as follows: Sect. 2 reviews the lit-
erature work, Sect. 3 explains the stages of abdominal mass
detection, Sect. 4 discusses the overall proposed model,
Sect. 5 discusses the results obtained, and Sect. 6 concludes
the paper.

2 Literature review

2.1 Related works

In 2017, Kozegar et al. [21] have developed a detection
model, that too in multi-stage for the cancer detection sce-
nario in images like ‘ABUS’ images. Very first speckle
noises were reduced, and it was attained with the applica-
tion of a de-speckling method called “OBNLM.” Next,
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to this, a novel protocol was portrayed for the purpose of
detecting the initial candidates as the masses boundary,
and it was on the basis. Some features like ‘roundness’,
‘hypoechogenicity’, ‘area strength’ and ‘contour strength’
were used for the reduction of falsely produced isocon-
tour of isocontours. Further, the subordinate candidates
were then progressed with the aid of a cascade classifier,
and some of the base classifiers were ‘RUSBoost’, that
was developed for working on imbalanced datasets. The
developed model has investigated on the basis of ‘FROC’
and the results have proved its better performance over
other models.

In 2016, Elyasi et al. [22] have developed an algorithm for
reducing the speckle noise present in breast cancer images
(US). A combination of ‘homogeneity filtering’ and model
termed ‘modified Bayes shrink model’ was employed for
the elimination of noise. Firstly, the intensity of pixels
was replaced with others and then the threshold value was
employed for the modification of the Bayes shrink model.
This was worked out for the discrimination of homogeneous
regions that contains speckle noise, which was attained from
the filtering process. The developed ‘HMBS’ method has
proved its efficiency over conventional models.

In 2016, Gu et al. [26] have developed an automated algo-
rithm, which could segment the 3D ultrasound volumes. The
segmentation process took place in three types including
‘mass/cist’ tissue, ‘fibro-glandular tissue’ and ‘fatty tissue’
respectively. The evaluation was done to analyze the effi-
ciency as well as the consistency of the developed model.
This was achieved by employing them over a database with
21 test cases of breast US images. The outcome of the inves-
tigation has shown the excellence of the proposed model by
distinguishing the responsible tissues and moreover it has
achieved in the classification of tissues as well. Overall, the
model has attained excellent consistency and potential in
distinguishing the tissues.

In 2014, Pons et al. [27] have developed an object detec-
tion model and a model named ‘DPM. This was for detect-
ing whether the image presents any lesions. a data set of
326 images were utilized by many patients. The developed
model has shown its efficiency over conventional models
by detecting the lesion precisely. The obtained sensitivity
of the model is high with 86%, ‘False positive detection’ of
0.28 (per image). Further, the proposed model has reviewed
its efficiency in correspondence with ‘malignant lesion
detection.’

In 2017, Moon et al. [28] has proposed a model termed
CAP model that has used the nearby tissue features in
‘US’ images. The method has determined for defining the
ALNstatus in cancer like breast cancer. The dataset that used
presents 114 cases (breast cancer) and 49 of 114 were ‘ALN
metastasis’. Finally, the prediction model has trained as well
as tested. From the outcome, the textural feature extracted

from the nearby tissue has reviewed excellent performance
than the other feature sets such as morphology and intensity.

In 2017, Abdel-Nasser et al. [6] have developed the usage
of a model namely ‘super-resolution approach’ that has also
exploited the complementary data granted by multi-images
from the identical target. The proposed CAD model has con-
tained four phases such as ‘super-resolution computation’,
‘Extraction of the region of interest,” ‘feature extraction’ and
‘classification’. They have assessed the performance of tex-
ture models (five) with the proposed CAD model. They have
also reviewed the performance of the developed model has
outperformed the existing classification model.

In 2014, Le [13] had developed a new deformable snake
model termed as MS-GGVF for segmentation purposes.
The important role of this developed model the rectification
of the challenges such as ‘spurious boundary attenuation’
as well as setting SD of filter named Gaussian filter. For
the assessment of the external force vector field, they have
developed a vector flow formulation algorithm. The inves-
tigation results have proved the efficiency of the developed
model.

In 2016, Singh [7] have developed a novel classification
model with a combination of two: unsupervised learning
modality as well as a supervised learning model. ‘Fuzzy
c-mean clustering’ is utilized as the unsupervised learning
technique and BANN is utilized as the unsupervised learn-
ing model. The proposed model was for the classification of
tumors such as benign as well as malignant tumors in US
images (breast). The investigation was performed by analyz-
ing the count of US images. The results of the model proved
its efficiency over other conventional methods.

2.2 Motivation

Table 1 reviews the features and challenges of numer-
ous lesion detection model in US images. CADe model
[21] could be utilized in real-world applications and also
had the ability to obtain satisfactory results. However,
closed iso-contour identification from all the nearby
boundaries was impossible. HMBS model [22] achieves
wild running time and further improves the quality of the
image, but the image registration process was a tedious
task. DPM model [27] notices the accurate lesion, but
the correct evaluation of the bounding box was not pos-
sible. CAP model [28] improves the texture feature set
and grants useful information for predicting the status
of ALN. Nevertheless, the forecasting of the unknown
region (thickness) was difficult. CAD model [6] improves
the performance of texture image and ‘Area Under the
receiver operates characteristic Curve (AUC)’ values, but
the assessment of related models was impossible. Gradi-
ent Vector flow Computation algorithm [13] was efficient
for the ablation of diseased tissues, but it needs more
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Table 1 Features and challenges of various lesion detection model in US images

References Method Features Challenges
Kozegar et al. [21] CADe model Achieves high sensitivity Cancerous masses may miss while
It can grant satisfactory results analyzing
Could not find the closed iso-contour
from nearby boundaries
Elyasi et al. [22] HMBS model Attains fast running time Enhanced smoothing leads to image

Gu et al. [26] Morphological reconstruction with

Sobel operator and watershed

transform
Pons et al. [27] DPM model
Moon et al. [28] CAP model
Abdel-Nasser et al. [6] CAD model

Le [13] Gradient Vector flow Computation
algorithm
Singh [7] Neural Network Classifier

Enhances the performance by improv-
ing the quality of the image

Distinguish fatty and non-fatty tissues
Outperforms in the combined imaging
model

Can implement in clinical applica-
tions
Correctly detects the lesions

It provides useful data for the ALN
prediction status

Enhances the performance of the
texture feature set

Enhances the AUC value
Improves the performance of the
texture model

Useful for other image models

It can utilize for the ablation of dis-
eased tissues

Learning capability is more, and
reprogramming is not necessary

Simply implemented and is parallel
in nature

blurring
Image registration process is a complex
process

Difficult in the process of Shadow
separation from the lesion

Requires additional manual corrections
for automatic segmentation

Cancer detection is impossible by this
model

Cannot recognize satisfactory results

impossible to assess the boundary box
accurately

Prediction of unknown regions (thick-
ness) in the image is impossible

Seeing additional features may often
provide poor performance

Cannot evaluate other medical image
modalities

CAD tool tunes with more sensitivity
lead to poor performance

Low accuracy rate
High computational time

It needs additional training for opera-
tion purposes

It requires to be emulated

The processing of a large NN model
requires more time

computational time. Neural Network Classifier [7] can
implement easily, and it was naturally parallel. However,
it necessitates additional training for the achievement of

better results. Hence, to overwhelm all such drawbacks,

Fig. 1 Taxonomy classification
of lession detection model

Lesion detection
model

it was essential for an effective abdominal mass detection
model. Figure 1 demonstrates the taxonomy classification
of lession detection model.
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3 Stages of abdominal mass detection
3.1 Feature extraction stage

Consider the input US image as /;(«, v), from which the fea-
tures are extracted using the AGLOH mechanism. AGLOH
extracts the characteristics on the basis of orientation and tex-
ture invariants, whereas the conventional GLOH descriptor
[35] estimates several discrete orientations to combine it into
orientation invariant. The texture invariant characteristics are
established with an adaptive filter, which is processed in the
early stage of the GLOH method.

Hence, this paper intends to proceed with adaptive bilin-
ear filtering. The filtering is meant for texture smoothing of
1;(u,v). The f(I;(u,v)) parameter is defined in Eq. (1). The
resultant filter image is denoted as Zf , from which GLOH
descriptor extracts the features.

f(II(M,V)) =leuv+zlou+Z01V+Z00 (1)

In GLOH descriptor, the grid comprises a circular ring
P, which centers the feature points. The rings involved in g
regions are consistently contributed along with Q directions.
A region ny is considered, where Rx’y € er; x=12,...,P
and y=0,1,...,0 — 1. Further, the circular inner region is
divided into Q radial segments by defining more or single
regions as R, and R, ; respectively. For v descriptor vector, a
function ¥(v) is mentioned as ¥'(v) = 0, if and only if R, is
defined and 1 if R, , is defined.

The histogram orientation for all regions by gradient mag-
nitude is evaluated in quantized direction Q and b,, the bin
value for all-region, where r =0, 1, ..., 0 — 1 is evaluated
via Gaussian kernel density evaluation, which is the attained
enhanced evaluation.

Z 8mg (p)e 262 )
V2zo pox.,

where g,,,.(p)g,,,(p), denotes the orientation as well as gradi-
ent magnitude of p pixel in Rx,y region with x =0,1,...,P
andy=0,1,...,0 — 1, respectively, Q, = %”r refers to the

roo_
bx,y =

bin center r th and ¢ € R* denotes the standard deviation
witho = %”c. The parameter M,(z) defines the [ periodicity
of length, which is determined in Eq. (3). Equation (4) speci-
fies the block histogram, where, @ refers to the concatena-
tion operator, in such a way that the final descriptor vector v
is gained by concatenating the histograms.

z if z< !
M(z) = 2 ©)
l—2z otherwise

o-1 p,,
vy = @ pl+1o @)

The length of descriptor is given in Eq. (5). The circula-
tion of the descriptor is achieved by a 6k factor as mentioned

o-1 ,
in Eq. (6), where 6k = % and vy isvy, = @ b([) :kﬂ]g.
? ’ r=0
I=P(PO+1+(Q-1D¥®W) 5)
P 0-1 .
® @ Ve I PO)=1
Ve =Y P o1 (6)

Yok VEE SG_BO V. k+si0 Otherwise

The distance between v and ¥ features are specified in
Eq. (7), where, Dy (v, V) refers to the estimation of usual
distance. Hence the extracted features from the abdominal
image are denoted as FOLO! = X = [X, X, ... Xg] € R™"
where K specifies the entire number of features.

Dy (v,v) = min_ D;(v,vy) (7)

k=0.1,....0-1

3.2 Classification stage
The extracted features FOTOF are given for classification
purposes to detect the mass presentation. For this, ISLSR
[36] classification model is imposed in this paper. The fea-
tures are specified in a matrix format, and every column
in FOLOH ig specified as the feature vector, which consists
of features of the abdominal US image, and the entities of
A= [mli, ...... mdl-] U, which takes either 0 or 1, which is
shown in Eq. (8).

1, if h; belongs to jth class
ji = { (3)

0, otherwise

If FOLOH € RN js considered as another data matrix
with unknown class labels, these ISLSR model asses the
ISLSR model parameters and the unknown abdominal label
matrix that is denoted by L, € R®¥ in correspondence,
where n and d denotes the number of features and number
of abdominal mass detection with F (?LOH matrix, which is on
the basis of FELOH  FGLOH and L data matrices. The optimi-
zation problem is evaluated as per Eq. (9), where B denotes
the regression coefficient matrix that will be optimally tuned.

To make feature selection of abdominals in a well-real-
ized form, there is an effective corresponding way to do
some columns B to zero. At last, the mentioned Eq. (9) is
reformulated by striking a norm penalty m, | in terms of
B onto the objective function. This functions shrinking of
entries, i.e., the entries of B column shrink to zero, where
determines the summation of m, norms of B. Hence the
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features related to non-zero columns of B are utilized for
abdominal mass detection. The reformulated ISLSR model
is defined in Eq. (10), where L, > O refers to all entries of
L, are non-negative, 1 denotes the vectors with entire entries
and 4 denotes a parameter named ‘trade-off” parameters.

arg min || [L LO] - B[FGLOH FSLOH] | |12L1 9)
B,

0

arg min ||{L LO} - B{FGLOH FELOH}H?, + AllBlly,
LB (10)
so that.LU1 = 1,L, > 0

Here the variable B is optimized to distinguish the image
using Hybrid Lion Algorithm and Whale Optimization

Fig.2 Architecture of abdomi-
nal mass detection system

Algorithm during classification. The classification results
in whether the image is normal or abnormal.

4 Overall abdominal mass detection model
4.1 Proposed mass detection system

The proposed mass detection system is illustrated in Fig. 2.
The input US image is given for the detection of mass that
present in the image. Basically, the proposed model works in
two phases: Feature Extraction and Classification. Here, the
features are extracted using the AGLOH method and clas-
sification is performed using a model named ISLSR model.
In the feature extraction phase, some steps are followed. At

US image

l

Feature extraction using AGLOH method ‘

Input image ’_' Adaptive filter H_y Image resizing h

Assigning dominant

<«— Key point detection k_ Building DOG

orientation space
Extracting local image D " GLOH
descriptor i own samp’e ’ features

All scale

No

Estimation of ISLSR model

parameter
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first, the given input image gets filtered, which is termed as
an adaptive filtering process. Then the image is resized, and
it builds the DOG space. The key points are detected in the
next level and assign the dominant orientation. The local
image descriptors are extracted from the image and results
with the GLOH features.

The next phase is the classification. The extracted fea-
tures from the feature extraction phase are given as input
to the classification process. Here, three major steps must
be followed as mentioned in the previous section. Initially,
the model evaluates the ISLSR model parameter. Then the
ISLSR optimization problem is formulated as per Eq. (9).
Then the final step is the reformulation of the ISLSR model,
which is given in Eq. (10). The classification results in the
classified output, it tells whether the image is a normal
image or abnormal image (with mass).

4.2 Proposed hybrid lion and whale optimization
algorithm

Lion Algorithm [37] was developed on the motivation
attained from unique social behavior (Territorial defense
and territorial takeover) of the lion’s.

In Lion Algorithm, the initialization process is indicated
as pride generation and here the X"/ Xfemale xmnomad are jnj-
tialized. The variables x7"", Kl and xomed are the random
vector elements of X"/, xfemale and xmomad | correspondingly
lying within the maximum and the minimum values when
n>1landl=1,2,3,... L. Moreover, L and its equivalent
formula is demonstrated in Eq. (14). The decisions on the
length of the lions are done using the integers m and n.

an

p=lnmn > 1 (general case)
| m otherwise (Special case)

4.2.1 Fertility evaluation

It aids the hunting agents to avoid from being trapped into
local optima. In this, a male lion X" tends to become lag-
gard with a raise in the L, by one. The "¢ is attained while
f(xmale) > f' . Moreover, while L, > LM3X territorial
defense occurs and the values of Xfe"ale a5 Xfemale+ happens
when S, is higher than tolerance S™3X (i.e. S, > SMaX) As
per Egs. (12) and (13), the updating of X/"/e+ occurs, until
the female generation count g, achieve g™4X . In case of no
Xfemalet 1o replace X/emle, subsequently X/¢m it is still fertile
to generate cubs. The variable x’:mam and x’l‘eml‘?+ shows k'
and I'"" vector elements associated with the #/*¥¢+ The arbi-
trary integer k is created within the interval [1, L]. Moreover,
the variable r; and r, that are devised within [0, 1].

sfemale+ _ sfemale+ lf =k (12)
! sfe male o therwise
semalet = min [skmax’ max(skmin, Vk>] (13)

Ve= [+ (0.0, - 0.05) (spte = v )| 14)

4.2.2 Mating

In this, crossover and mutation is the fundamental step and
secondary which comprise the gender clustering. Moreover,
Smale and S/male experiences crossover and mutation to gener-
ate cubs. The nomad coalition generation and survival fight
are sequenced by the territorial defense. In proposed algo-
rithm, the mutation process of LA is updated using the spiral
updating operation of the WOA algorithm [38] using Eq. (15),
correspondingly.

X(t+ 1) = F'e’ CosQ2rl) + X * (1) 15)

4.2.3 Lion operators

The chosen of the S occurs by fulfilling the criteria
shown in Egs. (15)—(17).

f(Xe—m)mad) < f(Xmale) (16)
f(Xe—nomad) < f(Xm—cub) (17)
f(Xe—nomad) <f(Xf—cub) (18)

4.2.4 Termination

The process execution gets terminated while any one of the
following criteria expressed in Egs. (18) or (19) is met. The
count of generations N;, maximum number of generations
N}nax and target error and e’ are utilized. The pseudo-code of

the proposed algorithm is shown in Algorithm 1 and the flow
chart of Hybrid LA-WOA is demonstrated in Fig. 3.
Np >N (19)

V(Xmale) _f(Xoptimal)J < eT (20)

@ Springer
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Pride Generation

e
Fertility —> Mating
Evaluation v
Crossover Mutation
(Using eq. (24) No
update the
Cub growth solution)
v
Survival Flight New territorial
v lion
A
Is nomad ion
defeated?
Yes v
Update nomad
diti
condition Yes
No v Yes
) Is cub eligible
L Is cub matured? e T ]
pride?
No No
Is maximum
generated?
£7 Yes

Terminate

Fig.3 Architecture of abdominal mass detection system

Steps Algorithm 1: Pseudo-code of
Proposed LA-WOA
Step 1: Initialize Xmale, Xfemale and X[nam(zd
Step 2: Calculate f(X™ale) f(XFemale) and
nomad
J&X)
Step 3: Allocate "¢ = f(X"™¢)and t = 0
Step 4: Gather X/male and f(X™ale)
Step 5: Fertility calculation is achieved
Step 6: Carry out mating and reach the
cub pool
The mutation process of LA
is updated using the spi-
ral updating operation of
the WOA algorithm using
Eq. (15),
Step 7: Accomplish X"~ and X/~cub
performing gender clustering
Step 8: Allocate age of cub Ag®” as 0
Step 9: The cub growth function is
simulated
Step 10: Territorial defense is carried out
and if the ensuing defense is 0,
go to step 4
Step 11: If Agt < AgM3X o0 after step 9.
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Steps Algorithm 1: Pseudo-code of
Proposed LA-WOA
Step 12: Perform territorial takeover and

attain updated X" and Xx/emale

Step 13: Raise N, by one

Step 14: In case of not meeting the termi-
nation criterion, go to step 4, or

else terminate the process

5 Results and discussion
5.1 Simulation procedure

The proposed abdominal mass detection model was devel-
oped in MATLAB, and the results were discussed. The
database with 20 images was used for the experimentation,
which includes 12 normal images and 10 abnormal images.
The proposed AGLOH feature extraction was compared with
other models like AGLOH-SVM, AGLOH-NN, AGLOH-
LDCA, AGLOH-ISLSR-LA, and AGLOH-ISLSR-WOA
methods, whereas the proposed classification method was
compared with other classification methods like LDCA [39],
SVM [40] and NN [41], respectively. The performance of
the developed method was analyzed in terms of both posi-
tive as well as negative measures. The positive measures
include accuracy, sensitivity, specificity, and precision, NPV,
F, Score, and MCC. The negative measures include FPR,
FNR, and FDR. The outcome of the investigation has shown
the efficiency of the proposed AGLOH-ISLSR method.

5.2 Feature performance

The effectiveness of the proposed AGLOH model is com-
pared to other conventional models like GLCM-ISLSR,
GLOH-ISLSR, AGLOH-ISLSR-LA, and AGLOH-ISLSR-
WOA related to proposed ISLSR classification, which
is illustrated in Fig. 4. The accuracy of AGLOH-ISLSR-
LMWOA is very high for 40% learning, and it is 0.12%,
11.57% better than GLOH-ISLSR and GLCM-ISLSR,
respectively. For 60% learning performance the proposed
AGLOH-ISLSR is 39.06% and 18.16% better from GLOH-
ISLSR and GLCM-ISLSR respectively. For 70% learn-
ing, the proposed AGLOH-ISLSR-LMWOA is 67.41%
and 20.3% superior to GLOH-ISLSR and GLCM-ISLSR,
respectively. The sensitivity of AGLOH-ISLSR-LMWOA
is high, and for 40% learning, the developed model is 0.29%
and 56.43% better than GLOH-ISLSR and GLCM-ISLSR,
respectively. For 70% of learning, the developed model is
65.71% better than the GLOH-ISLSR model. The specificity
of AGLOH-ISLSR-LMWOA is 0.20% and 66.53% superior
to GLOH-ISLSR and GLCM-ISLSR, respectively.
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Similarly, the analysis is made for negative measures.
From the analysis, it is observed that the FPR of pro-
posed AGLOH-ISLSR-LMWOA is very low, for 60%
learning; the proposed AGLOH-ISLSR-LMWOA is
0.92% and 50.84% superior to GLOH-ISLSR and GLCM-
ISLSR, respectively. The FNR of the proposed AGLOH-
ISLSR-LMWOA is 3.52% and 52.31% better from the
conventional GLOH-ISLSR and GLCM-ISLSR, respec-
tively. The FDR of developed AGLOH-ISLSR-LMWOA
is 33.08% and 37.88% better than GLOH-ISLSR and
GLCM-ISLSR, respectively. The overall analysis shows
the superiority of the proposed feature.

5.3 Classifier performance

The efficiency of the proposed AGLOH-ISLSR-LMWOA
classifier is proved by comparing it with other existing clas-
sifiers like AGLOH-SVM, AGLOH-NN, AGLOH-LDCA,
AGLOH-ISLSR-LA, and AGLOH-ISLSR-WOA, which
is illustrated in Fig. 5. From the figure, it is observed that
proposed AGLOH-ISLSR-LMWOA attained high accu-
racy for 40% learning, which is 11.95%, 75.1%, and 63.21%
better than AGLOH-LDCA, AGLOH-NN, and AGLOH-
SVM, respectively. For 60% of learning, the proposed
AGLOH-ISLSR-LMWOA is 42.55% and 57.29% better
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Fig.4 (continued)
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than AGLOH-NN, AGLOH-SVM, respectively. For 70% of
learning, the proposed AGLOH-ISLSR-LMWOA is 68.90%
superior to the AGLOH-NN method. The sensitivity of pro-
posed AGLOH-ISLSR-LMWOA for 40% learning is 32.15%
and 81.85% better than AGLOH-LDCA, AGLOH-NN, and
AGLOH-SVM, respectively. For 70% learning, the devel-
oped AGLOH-ISLSR-LMWOA is 56.96% and 62.5% bet-
ter from AGLOH-LDCA and AGLOH-NN, respectively.
The specificity of proposed AGLOH-ISLSR-LMWOA for
40% learning is 52.20% and 34.80% better from AGLOH-
NN and AGLOH-SVM respectively. For 60% of learning,
the proposed AGLOH-ISLSR-LMWOA is better than the
AGLOH-LDCA model. The precision of the proposed
AGLOH-ISLSR-LMWOA is very high for 40% learning,
which is 5.11% and 82.26% better than AGLOH-LDCA
and AGLOH-SVM, respectively. For 60% of learning, the
proposed AGLOH-ISLSR-LMWOA is 22.04% and 47.47%
better from AGLOH-LDCA and AGLOH-NN, respectively.
The NPV of proposed AGLOH-ISLSR-LMWOA for 40%
learning is high, which is 50.52% and 34.11% better than
AGLOH-NN and AGLOH-SVM, respectively.

From the negative measure analysis, it is evident that
the FPR of proposed AGLOH-ISLSR-LMWOA for 40%
learning is 75.77% and 66.58% superior to AGLOH-NN
and AGLOH-SVM, respectively. The FNR of proposed
AGLOH-ISLSR-LMWOA for 40% learning is 51.20% and
64.07% better than AGLOH-LDCA and AGLOH-SVM,
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respectively. Thus, the proposed AGLOH-ISLSR-LMWOA
proved its superiority over other conventional models.

5.4 Comparative analysis

The inclusive performance of varied combinations of fea-
ture extraction and classification is illustrated in Fig. 6.
The performance of proposed AGLOH-ISLSR-LMWOA
is compared over other combinations like GLOH-LDCA,
GLOH-NN, GLOH-SVM, GLCM-LDCA, GLCM-NN,
GLCM-SVM, AGLOH-ISLSR-LA and AGLOH-ISLSR-
WOA. From the accuracy analysis for 30% learning, it is
observed that the proposed method attained high accuracy,
which is 16.15%, 50.12%, 13.57%, 89.54%, and 39.28%
better from the models like GLOH-LDCA, GLOH-NN,
GLOH-SVM, GLCM-LDCA, GLCM-NN, and GLCM-
SVM, respectively. for 40% learning, the proposed model
is 4.11%, 83.54%, and 24.73% better than GLOH-LDCA,
GLOH-NN, and GLCM-NN, respectively. For 60% of
learning, the proposed model is 23.36%, 52.65%, and
26.26% better from GLOH-LDCA, GLOH-NN, and
GLCM-NN, respectively. While analyzing the sensitiv-
ity measure, it is observed that for 30% of learning, the
proposed model is 27.03%, 28.36%, 81.37%, and 65.69%
better than the models like GLOH-LDCA, GLCM-LDCA,
GLCM-NN, and GLCM-SVM, respectively. For 40% of
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learning, the proposed model is 27.42% and 54.09% better
than GLOH-LDCA and GLCM-NN. For 60% learning, the
proposed model is 35.69%, 74.01% and 49.20% superior to
the methods like GLOH-LDCA, GLOH-NN, and GLCM-
NN, respectively. for the precision measure, for 30%
learning, the proposed AGLOH-ISLSR is 5.45%, 0.012%,
84.50% and 64.60% superior to GLOH-LDCA, GLOH-
SVM, GLCM-NN, and GLCM-SVM, respectively. For
40% of learning, the proposed model is 2.55%, 93.54%,
and 45.36% better from GLOH-LDCA, GLCM-NN, and
GLCM-SVM, respectively. For 60% of learning, the devel-
oped model is 25.89%, 54.54%, and 95.69% better than
GLOH-LDCA, GLOH-NN, and GLCM-NN, respectively.
Thus, the analysis reviews the superiority of developed
features for better diagnosing.

5.5 Performance efficiency

The overall performance of the proposed classifier is illus-
trated in Fig. 7. From the analysis of the negative measure,
it is evident that FPR of proposed AGLOH-ISLSR-LMWOA
18 6.25%, 74.13%, and 65.11% better than AGLOH-LDCA,
AGLOH-NN, and AGLOH-SVM, respectively. FNR of pro-
posed AGLOH-ISLSR is 52.63%, 81.63%, and 63.26% bet-
ter from AGLOH-LDCA, AGLOH-NN, and AGLOH-SVM,
respectively. FDR of proposed AGLOH-ISLSR is 5.26%,
81.63% and 63.26% superior to AGLOH-LDCA, AGLOH-
NN, and AGLOH-SVM, respectively.

The accuracy of AGLOH-ISLSR is 15.49%, 63.41%,
and 36.58% better than AGLOH-LDCA, AGLOH-NN, and
AGLOH-SVM, respectively. The sensitivity of AGLOH-
ISLSR-LMWOA is 30.64%, 87.65% and 39.50% superior
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Fig.5 (continued)
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to AGLOH-LDCA, AGLOH-NN, and AGLOH-SVM,
respectively. The specificity of the proposed AGLOH-
ISLSR is 1.23%, 42.68%, and 36.58% better from AGLOH-
LDCA, AGLOH-NN, and AGLOH-SVM, respectively.
The precision of AGLOH-ISLSR is 3.89%, 85%, and
36.25% better from AGLOH-LDCA, AGLOH-NN, and
AGLOH-SVM, respectively. NPV of AGLOH-ISLSR is
2.46%, 50.60%, and 36.14% better from AGLOH-LDCA,
AGLOH-NN, and AGLOH-SVM respectively. The overall
analysis shows the superiority of the proposed model.
The performance of the proposed feature is shown in
Fig. 8. The FPR of proposed AGLOH-ISLSR-LMWOA
is low, which is 5.55% and 82.65% better than GLOH-
ISLSR and GLCM-ISLSR, respectively. FDR of proposed
AGLOH-ISLSR-LMWOA is low, which is 5.26% and
68.96% superior to GLOH-ISLSR and GLCM-ISLSR,
respectively. Further, the accuracy of the proposed
AGLOH-ISLSR-LMWOA is high, which is 6.41% and
93.02% better from GLOH-ISLSR and GLCM-ISLSR,
respectively. The specificity of AGLOH-ISLSR-LMWOA
is 1.20% and 82.14% superior to GLOH-ISLSR and
GLCM-ISLSR, respectively. The precision of AGLOH-
ISLSR-LMWOA is 3.79% and 70.83% better from the
models like GLOH-ISLSR and GLCM-ISLSR, respec-
tively. The F; Score of AGLOH-ISLSR-LMWOA is 3.84%
and 30.64% better than GLOH-ISLSR and GLCM-ISLSR,
respectively. Hence, the overall analysis proved the profi-
ciency of the proposed feature over conventional features.
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The overall performance of the proposed model is com-
pared to other combinations, which is illustrated in Fig. 9.
It is observed that the accuracy of the proposed model is
9.09%, 86.66%, 6.32%, 18.30%, 16.66%, and 71.42% bet-
ter than GLOH-LDCA, GLOH-NN, GLOH-SVM, GLCM-
LDCA, GLCM-NN, and GLCM-SVM, respectively. The
sensitivity of the proposed model is 12.5%, 88.37%, 17.39%,
59.25%, 56.79%, and 6.57% better from GLOH-LDCA,
GLOH-NN, GLOH-SVM, GLCM-LDCA, GLCM-NN,
and GLCM-SVM, respectively. moreover, the specificity
of the proposed model is 1.20% better than GLOH-LDCA
and GLOH-NN, and it is 2.43%, 9.09%, 7.69%, and 90.90%
better than GLOH-SVM, GLCM-LDCA, GLCM-NN, and
GLCM-SVM, respectively. F; Score of the proposed model
is 7.89%, 95.23%, 6.49%, 54.71%, 51.85%, and 34.42% bet-
ter than GLOH-LDCA, GLOH-NN, GLOH-SVM, GLCM-
LDCA, GLCM-NN, and GLCM-SVM, respectively. the
overall performance has proved that the proposed model out-
performs other models in terms of efficient mass detection.

6 Conclusion

This paper has adopted an enhanced abdominal mass detection
model using US images. It has achieved in two phases: feature
extraction and classification. Texture features were extracted
using the AGLOH model and the classification was carried
out using the optimized ISLSR model, where the coefficient
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matrix was optimally tuned using a new hybrid algorithm. The
proposed model was compared with other conventional mod-
els. The accuracy of AGLOH-ISLSR-LMWOA is very high
for 40% learning, and it is 0.12%, 11.57% better than GLOH-
ISLSR and GLCM-ISLSR respectively. For 60% learning per-
formance the proposed AGLOH-ISLSR-LMWOA is 39.06%
and 18.16% better from GLOH-ISLSR and GLCM-ISLSR
respectively. For 70% learning, the proposed AGLOH-ISLSR-
LMWOA is 67.41% and 20.3% superior to GLOH-ISLSR
and GLCM-ISLSR respectively. The sensitivity of AGLOH-
ISLSR-LMWOA is high, and for 40% learning, the developed
model is 0.29% and 56.43% better than GLOH-ISLSR and
GLCM-ISLSR respectively. For 70% of learning, the devel-
oped model is 65.71% better than the GLOH-ISLSR model.
The specificity of AGLOH-ISLSR is 0.20% and 66.53%

superior to GLOH-ISLSR and GLCM-ISLSR respectively.
Similarly, the analysis is made for negative measures. From
the analysis, it is observed that the FPR of proposed AGLOH-
ISLSR is very low, for 60% learning; the proposed AGLOH-
ISLSR-LMWOA is 0.92% and 50.84% superior to GLOH-
ISLSR and GLCM-ISLSR respectively. The FNR of the
proposed AGLOH-ISLSR is 3.52% and 52.31% better from
the conventional GLOH-ISLSR and GLCM-ISLSR respec-
tively. The FDR of developed AGLOH-ISLSR-LMWOA is
33.08% and 37.88% better than GLOH-ISLSR and GLCM-
ISLSR respectively. The overall analysis shows the efficacy
of the proposed model by accurately detecting the abdominal
mass in an image.
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Fig.6 (continued)

Fig.7 Overall performance of
proposed classifier a Positive
measure, b negative measure
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Fig.8 Overall performance of
the proposed feature a Positive
measure, b negative measure
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