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Abstract

Cervical cancer (CC) is the fourth commonly occurring cancer among females over the globe. It accounts
for 7.9% of woman cancer as identified by world health organization (WHO). The most important reason
for increased mortality due to cervical cancer is the deficiency of effective initial treatment. The
asymptomatic nature is a main problem faced in the analysis of CC from initial stage. Recently, computer
aided diagnosis (CAD) model has gained significant attention in the disease diagnostic process. At the same
time, machine learning (ML) finds its use in several medical applications and is utilized as classifier for the
initial detection of cancerous cells occurs from cervix area of uterus. With this motivation, this study
introduces an intelligent ML based CAD (IML-CAD) technique to classify cervix cancer. The IML-CAD
technique involves different stages of operations to detect and classify the cancerous cervix cells. In
addition, the IML-CAD technique involves histogram based segmentation to determine the affected regions.
Moreover, local binary patterns (LBP) based feature extractor and least squares support vector machine
(LS-SVM) based classifier is designed for CC classification. To showcase the better performance of the
IML-CAD technique, a series of simulations is performed and the experimental results highlighted the
superior performance of the IML-CAD technique over the other techniques.
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1. Introduction

Cervical cancer (CC) is the main medical conditions for ladies around the world, and particularly in non-
industrial nations [1]. According to the insights given by WHO In 2012, roughly 270, 000 ladies kicked the
bucket from CC over 90% of this passing’s happening in lower and central pay nations. It has 445,000
novel cases in 2012. With no serious consideration, the pace of this pass was anticipated to ascend by
twenty-five percentage [2-4]. The earlier manifestations of CC incorporate unusual period, hefty feminine
cycle, sporadic feminine cycle, or spotting [5]. A Pap smear is basic, fast, as well as basically easy
evaluating system for CC. The cycle incorporates the assortment of cell from lady's cervix at the time of
pelvic test is spreading over a magnifying lens slide to assessment [6-8].

The disadvantages of such test’s territory deficient medical part, lacking person consistency, helpless
reproducibility’s of judgment, insufficient support, as well as carelessness by experts directing the test
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because of profoundly monotonous nature of test [9-10]. Though afterward the approach of pap smear test
and HPV inoculation to forestall diseases in more youthful ladies, which is lesser than equivalent to
eighteen years old, it was lessening in quantity of mortalities because of cancer around there, the death rate
in non-industrial country is yet high [11-14]. The CC creates in a lady's cervix. The cervix is low, restricted
piece of ladies' uterus or belly. Cancer happens because of an infection named human papillomavirus, or
HPV and this infection could spread via sexual contact. All grown-ups were tainted with HPV sooner or
later and this disease may disappear all alone and subsequently end up being innocuous. Yet, Productive
contamination by higher-hazard HPV kinds is shown as cervical level moles or condyloma that shed
irresistible virions from their surface [15].

In [16], a new ensemble approach is introduced to foresee the danger of CC. By embracing a voting system,
this technique tends to the difficulties related to past investigations on CC. A data correction system is
developed to enhance the exhibition of the expectation. A quality help module is additionally included as a
discretionary procedure to upgrade the vigor of the forecast. Various estimations are performed to assess the
proposed technique. The outcomes demonstrate that the probability of creating CC can be viably anticipated
utilizing the voting methodology. Ijaz et al. [17] proposes a CCPM provides earlier expectations of CC
utilizing hazard features as information sources. The CCPM first eliminates anomalies by utilizing
exception identification strategies, for example, DBSCAN and iForest and by expanding the quantity of
cases in the dataset in a fair way, for instance, through SMOTE and with SMOTE Tomek. At long last, it
utilizes RF as classification.

Khamparia et al. [18] proposed a new IoHT driven profound learning system for identification and
arrangement of CC in Pap smear pictures utilizing idea of transfer learning. Following exchange learning,
CNN was joined with various regular ML strategies like KNN, NB, LR, RF, and SVM. In the proposed
structure, highlight extraction from cervical images is performed utilizing pre-prepared CNN models are
taken care of thick and leveled layers for ordinary and unusual cervical cell classifier.

Rehman et al. [20] presents a CC cell identification and characterization framework dependent on CNNs.
The cell pictures are taken care of into a CNNs model to extricate profound learned highlights. At that
point, an ELM based classification characterizes the information images. CNNs model is utilized through
move learning and tweaking. Options in contrast to the ELM, MLP, and AE based classifications are
likewise researched. This article gives an audit of the science, counteraction, and therapy of CC, and talks
about the worldwide CC emergency and endeavors to improve the avoidance and therapy of the infection in
immature nations. It is utilized cross country Swedish segment and wellbeing registers to follow an open
populace of 1,672,983 young ladies and ladies who were 10 to 30 years old from 2006 through 2017. The
authors surveyed the relationship between HPV inoculation and the danger of intrusive CC, controlling for
age at follow-up, schedule year, district of home, and parental attributes, including instruction, family pay,
homelands of birth, and maternal sickness history.

This paper presents an intelligent ML based CAD (IML-CAD) model for CC classification. The IML-CAD
technique involves different stages of operations to detect and classify the cancerous cervix areas. In
addition, the IML-CAD technique involves histogram-based segmentation to determine the affected
regions. Moreover, local binary patterns (LBP) based feature extractor and least squares-support vector
machine (LSSVM) based classifier is designed for CC classification. In order to showcase the better
performance of the IML-CAD model, a series of simulations take place and the experimental results
highlighted the superior performance of the IML-CAD technique over the other techniques.

2. The Proposed IML-CAD Technique

Fig. 1 depicts the working process of IML-CAD technique. The IML-CAD technique involves histogram based
segmentation, LBP based feature extractor, and LS-SVM based classifier.
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Figure 1 Process involved in the CC diagnosis
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2.1 Image Segmentation

The pap smear images are segmented for determine the existence of infected areas in the image. It involves the
task of dividing an image into several non-overlapping regions through optimum threshold values. A new
technique called P-tile utilized this kind of data as object that is darker compared to alternative background and
uses a determined fraction such as percentile (1/p) of whole image portions. The thresholds could be created
through examining the intensity from the fraction of image pixel is minimal than predetermined value. Thus,
intensity is recognized by:

k
c(gw) = Zgi ey}

The threshold value T can be defined by sc(T) = 1/p.

2.2 Feature Extraction

Primarily, LBP [19, 21] is presented for feature extraction of the segmented images. Additionally, LBP is
utilized for other applications such as image retrieval, palm print and face recognitions attained
accomplishment because of its speed (not essential for tuning the variables) and efficiency. The LBP is
determined according to the connection among center pixel and its nearby neighbors in the image. The
connection that is gathered among center pixel and its neighbors is depending upon edge amongst the center
and neighbor pixels. when the neighboring pixel value is greater than/equivalent to center pixel, that LBP bit is
encoded by ‘one’; or else it is coded as ‘zero’ Egs. (2)-(3).

LBy = ) 200 x £(1(g) ~ 1 (9©)) @
L ={}%2) 3)
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Where [(g.) represents gray value of intermediate pixel, I( gp) denotes gray value of its neighbors, P indicates
amount of neighbors and R represents radius of neighbourhood. Afterward calculating the LBP pattern for
every pixel (j, k) , the entire image is denoted by creating a histogram as presented in Eq. (3).

Hupr() = ) ) f, (LBP (10, D; L€ 0,2 = D] (4)
j=1k=1
pen={ %7 5)

Where the size of input image denotes N; X N,. The histogram of this pattern maintains the data to
distribute the edges in the image.

2.3 Image Classification

LS-SVM is a binary classification model used for CC diagnosis. SVM [22] is real-world use of statistical
learning concept in multi-dimensional functions. Here (x;,y;), 1 <i < N, indicates group of data comprising
N trained instance. Every sample should confirm to the condition x; € R%. y; determines the class of
equivalent instance, x;. Hence y; € {—1,1} and d denotes amount of dimension of input data. The separate
hyperplane is determined by

w-x;+b=0, 1 <i<N. (6)

When this hyperplane occurs, then linear separation is attained. The instance which is closest one to the
separate hyperplane is named as support vector. In boundary (support vectors), Eq. (6) is changed to

w-x; +b==1. (N
yvi-w-x;+b) =1 (8)

Thus, the problem is detecting w and b. It has different hyperplanes that could partitioned the 2-class data
however SVM creates an optimal hyperplane. These hyperplanes have a highest distance to SV. The boundary
of a separate hyperplane is 2/||w||. Hence, they need to detect an optimum hyperplane, it must
minimalize ||w/||. For easiness they could substitute (1/2)||w||? using ||w/||. Consequently, they are handling an
optimization problem. It implies that they should minimalize (1/2)||w||? subject to Eq. (8).

For nonlinear problems positive slack parameters {; are presented. Hence the problem reformed as

n
1
Min§||w||2+C-Z{i sity;-w-x; +b)=1-(; 9

i=1

20,1<i<N.

In (9), C denotes penalty factor. It is presented for controlling the tradeoff among boundary maximalization
and error minimalization. Such problems are resolved using Lagrange multipliers. So, the classifier decision
function turns into

F(x) = sign (Z a; "y K(xi,x]-) + b), (10)

i=1
Whereas a; represents Lagrange multiplier. K (xl-, x]-) =¢p(x;) - ¢(xj) indicates kernel function via few other
mapping functions, ¢ (x). QP resolver is utilized for finding «;. Afterward w and b is attained as follows
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w = Z a; -y d(xy), 11D

1
b=N—Z yi—Zaj-y}--K(xj,x) . (12)
%

{ J
where Ngy indicates amount of SV and x denotes input unknown instance. Some common kernel functions are
given below:

linear: k(x,y) =x-y +1,

polynomial: k(x,y) = (x -y + 1),

RBF: k(x,y) = exp(=|lx = yll/(2 %),
quadratic: 1 — [lx = y|I?/(llx = ¥ll + o) ,

In traditional SVM, the limitations are inequality that require quadratic programming solution whereas it raises
the computational complexity for high sized datasets, where in LSSVM [23, 24], every inequality constraint
are altered to equality constraint types. Hence, LSSVM resolves scheme of linear equation rather than
quadratic program. Finally, its result provides support values and outcomes. The support values are relevant to
the error rather than support vector in traditional SVM. In regression case, LSSVM is given as:

1 v
minz [wi® +75 > & (13)
i=1

Where &; represents slack parameters and y = 0 denotes regularization variable. High y doesn’t allow other
slack parameters and subsequently increase the method complicity however lower y implies a method with
highly trained error. Thus, it is crucial for finding appropriate value for y and it is one of LSSVM tuning
variable that must be adapted accurately. Assuming subsequent equality constraints in Eq. (14) Lagrangian
form of Eq. (13) is determined as follows:

yi=we(x)+b+§&,i=1,..,N (14)
1 1 N N
Lissvu =5 IWI7 45 ) 8 = > awox) +b+&—y),  (15)
i=1 i=1

Where o;s(i = 1,...,N) denotes Lagrange multiplier. By employing optimum condition for Eq. (16), the
subsequent formulation are given by:

N
oL

i=1
N
aLLSSVM
11 —=O—>Za. =0
) ab L lyl (16)

LLSSVM

1 g
9¢;

=0->wpx)+b+§ -y, =0, i=1L.,N

=0-a=vy¢,i=1,..,N

aLLSSVM

V) Er
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Finally, the reformed optimization problem is given by:

0 1 o1

1 b 0
1 kQe,x)+—= - k(xg,xy) a y

Cc :1 — :1 (17)
1 ko) ol

1
k(xy, xy) + c

Lastly, exclusive form of LSSVM predictive function is given as:

N

FOx) = Z a k(x, %) + b. (18)

i=1

3. Performance Validation

For experimental validation, the Herlev database [25] is employed to ensure the overall classification
performance. It includes 918 images and 7 class labels, comprising 3 class labels into normal and 4 class

labels into abnormal. Fig. 2 shows the sample test images.
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Figure 2 Sample Test Images
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Table 1 and Fig. 3 investigates the performance analysis of the IML-CAD technique with existing
techniques. On examining the results interms of accuracy, the DenseNet-169 and Inception-Resnet-v2
techniques have attained poor results with the accuracy of 0.6979 and 0.6930 respectively. In line with, the
DenseNet-121and CYENET techniques have obtained moderate accuracy of 0.7242 and 0.9230
respectively. However, the IML-CAD technique has resulted to an enhanced accuracy of 0.9356.

Table 1 Results analysis of IML-CAD technique on CC classification

Methods Accuracy Sensitivity Specificity
IML-CAD 0.9356 0.9389 0.9690
DenseNet-121 0.7242 0.5986 0.7683
DenseNet-169 0.6979 0.6500 0.7148
Inception-Resnet-v2 0.6930 0.6670 0.7060
CYENET 0.9230 0.9240 0.9620

m IML-CAD mDenseNet-121 m DenseNet-169 m Inception-Resnet-v2 m CYENET
1

0.9
0.8

0.7
0.6
0.5
0.4
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(=]

Figure 3 Optimal results on the validation set

On examining the results interms of sensitivity, the DenseNet-121 and DenseNet-169 techniques have attained
poor results with the sensitivity of 0.5986 and 0.6500 respectively. In line with, the Inception-Resnet-v2 and
CYENET techniques have obtained moderate sensitivity of 0.6670 and 0.9240 respectively. However, the
IML-CAD technique has resulted to an enhanced sensitivity of 0.9389. Finally, on examining the results
interms of specificity, the DenseNet-121 and DenseNet-169 techniques have attained poor results with the
specificity of 0.7683 and 0.7148 respectively. In line with, the Inception-Resnet-v2 and CYENET techniques
have obtained moderate specificity of 0.7060 and 0.9620 respectively. However, the IML-CAD technique has
resulted to an enhanced specificity of 0.9690. The above-mentioned results analysis ensured the betterment of
the IML-CAD technique over the other techniques.
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Table 2 Computational Time (CT) analysis of IML-CAD Technique

Methods Time (s)
IML-CAD 56.89
DenseNet-121 80.46
DenseNet-169 82.19
Inception-Resnet-v2 72.91
CYENET 68.64

Table 2 and Fig. 4 depicts the CT analysis of the IML-CAD technique with existing techniques. The table
values denoted that the DenseNet-121 and DenseNet-169 techniques have shown ineffectual outcome with the
higher CT of 80.46s and 82.19s respectively. Moroever, the Incpetion-Resnet-v2 and CYENET techniques
have accomplished moderate CT of 72.91s abd 68.64s respectively. However, the IML-CAD technique has
resulted to supreme outcome with the lower CT of 56.89s. Therefore, the IML-CAD technique can be utilized
as an effective tool to diagnose CC using pap smear images.

CYENET .
Inception-Resnet-v2 [
DenseNet-169 | —
Denseet-121

IML-CAD [E—

0 20 40 60 80 100

Time (s)

Figure 4 CT analysis of IML-CAD technique with other techniques

4. Conclusion

This paper has presented an effective IML-CAD model for CC classification. The IML-CAD technique
involves different stages of operations to categorize the cancerous cervix cells. In addition, the IML-CAD
technique involves histogram-based segmentation to determine the affected regions. Moreover, LBP based
feature extractor and LSSVM based classifier is designed for CC classification. To showcase the better
performance of the IML-CAD model, a series of simulations take place and the experimental results
highlighted the superior performance of the IML-CAD technique over the other techniques. Therefore, the
IML-CAD model is found to be an effective tool for CC diagnosis. As a part of future scope, the efficiency of
the IML-CAD model can be extended by the design of deep learning models.
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