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CHAPTER 1

INTRODUCTION:

1.1 WHAT IS CANCER?

In recent years, there has been a startling increase in the number of people diag-

nosed with cancer [2]. Typically, cancer is caused by the aberrant multiplication

of cells at their origin. Despite the fact that genetic factors are the most common

causes of cancer, there are a number of other factors that might also hasten the

onset of the disease. Plastics, heavy metals, radiation, toxic chemicals, eating fast

food and processed foods, and simply living can all cause cells to divide incor-

rectly. Apart from this factor like Excessive smoking and tobacco consumption,

UV, X-ray, and Gamma rays from the sun and other sources, Infection with various

viruses, bacteria, and germs etc. can be the cause of cancer.

According to the World Health Organization, 4.6 million people die from can-

cer each year. Cancer caused 2.8 million deaths in 2020. Breast Cancer claimed

the lives of 437000 people. If it is detected at an earlier stage, the mortality rate

can be decreased.

The objective of this thesis is to identify the optimal number of feature subsets
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INTRODUCTION:

from breast cytology images using a specific optimization technique that yields a

high recognition accuracy.

The experiment for the proposed work is tested on breast cytology images.

Breast cancer affects themajority ofwomen between the ages of 40 and 60. Women

who carry the BRCA1 and BRCA2 genes have a significantly increased risk of

breast cancer.

1.2 WHAT IS CYTOLOGY?

The human body is made up of several cells, each of which has a nucleus and cy-

toplasm. The genetic imprint, or DNA, is found in the nucleus, and it is this DNA

that is mutated when a disease is acquired. The change can be seen in the form

of size, colour, texture, and nature of the nucleus and cytoplasm, and malignant

and pre-malignant diseases can be detected by observing these parameters under

a microscope. Cytology, often stated as cytopathology is a discipline of medicine

that deals with the examination of cells in order to discover the existence of any

aberrant cellularity.

• Utility of Cytology

To detect lumps or masses, imaging techniques such as magnetic resonance

imaging (MRI), X-ray (plain film and computed tomography [CT], ultra-

sound (US), optical imaging, and others are used. However, these imaging

techniques are unable to evaluate images at the cellular level. As a result,

cytology is commonly employed to discover abnormalities in cell structure.

Expert cyto-technologists use cytology to identify cancer by studying cell

samples obtained through biopsy or cytology. When compared to biopsy,

cytology has more number of advantages.
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INTRODUCTION:

• WHEN IS CYTOLOGY USED?

Cytology tests can also be used for following purposes:

– Infectious diseases are diagnosed.

– Inflammatory conditions are diagnosed.

– Thyroid lesions are examined.

– Diseases affecting specific body cavities, such as the pleural cavity (the

space between two thin membranes that line and enclose your lungs),

are identified.

• TESTSCOMMONLYUSED INCYTOLOGY: In cytology, there are two

types of tests that are often used to diagnose malignancy.

– Screening Test: This test is usually performed before the diseaseman-

ifests itself, that is, when symptoms are not yet visible, and is advised

for people who are in the high-risk category. Regular screening tests

can aid in the early detection of the condition, allowing it to be treated

with the best potential outcome.

– Diagnostic Test: This test is frequently performed when symptoms

first appear and is suggested for individuals who are diagnosed with a

serious illness.

Both manual and automatic CAD (Computer Assisted Design) [4] based

systems can be used to conduct the tests. A manual test is usually carried

out under human supervision, and it entails human labour, time, and tired-

ness. Examining hundreds of slides per day is a time-consuming operation

that necessitates the use of skilled cyto-technologists, which are currently in

short supply.
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INTRODUCTION:

As a result, systems based on automatic CAD are being developed that can

process hundreds of specimens per minute while requiring little human par-

ticipation. Nonetheless, it saves the cyto-technologist’s time and efforts by

supporting them technically in a variety of ways.

• ISSUES WITH CYTOLOGY: Despite the various benefits of cytology,

there are a few difficulties that have yet to be tackled.

– Neoplastic lesion to an exact anatomic location cannot be localized

– Pre-invasive and invasive cancer cannot be distinguished.

– Reactive from dysplastic cannot be distinguished.

– Tumor type may not be determined.

– The specimen’s cellular structure is influenced by the specimen col-

lector’s experience, as well as the technique and instruments utilised..

– With FNA, there are more false negative cases.

1.3 WHAT ISOPTIMALFEATURESELECTION?

Optimization is a method that maximizes the accuracy or minimizes the error of

a model and finds the optimal solution, under certain constrains, according to the

requirement.

When creating a predictive model, feature selection is the process of minimis-

ing the number of input variables to lower the computational cost of modelling

and to increase the model’s performance.

• TYPES OF OPTIMAL FEATURE SELECTION:There are numerous

forms of feature selection algorithms, broadly divided into three categories:

wrapper based, filter based and embedded techniques.
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INTRODUCTION:

In filter-based method, a single statistical measure is selected that best fits

the data and provides a score for each feature column and the columns are

then sorted by their feature accuracy and returned in that order.

Filter and wrapper methods are combined in embedded methods. Algo-

rithms with built-in feature selection methods are used to implement it.

Wrapper based approaches take a subset of features and utilise them to train a

model. The features to be added or removed from the subset are determined

based on the inferences obtained from the prior model. The problem can

be reduced to a simple search problem. These approaches are frequently

quite time-consuming to compute. Forward feature selection (a iterative

strategy), recursive feature elimination (a greedy optimization algorithm,

and other wrapper approaches are common examples.

1.4 IMPORTANCE OF OPTIMAL FEATURE

SELECTION:

When creating a predictive model, feature selection is the process of min-

imising the number of input variables to lower the computational cost of

modelling and to increase the model’s performance.

Recent advances in applied science and related technologies have resulted

in a massive evolution and generation of data with a huge number of fea-

tures, potentially increasing the problem’s processing cost. These increases

in feature dimension may have a negative impact on the classification pro-

cess’ overall performance. Overfitting, which is computationally expensive

and difficult to comprehend, is a common result. Due to the complicated na-

ture of data, the number of characteristics in many real-world applications,
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INTRODUCTION:

such as biological data analysis, text processing, signal processing, data sci-

ence, and microarray data analysis, tends to increase. Due to the availability

of such high-dimensional information in relation to the short sample size, it

leads to a typical problem known as the course of dimensionality.

The main benefit of the dimensionality reduction method is that it reduces

the number of redundant, irrelevant, and noisy features while preserving the

required information. It improves the model’s performance while also low-

ering the problem’s computing cost. Text mining, micro array data analysis,

picture retrieval, face recognition, protein categorization, digit recognition,

and intrusion detection are some of the uses of the dimensionality reduc-

tion method. Feature reduction, or FS, is the most extensively used method

for reducing the problem’s size. To separate out the redundant, superfluous,

and noisy information, each input feature is turned into its matching new

feature in feature reduction. The FS technique is more effective in terms of

classification accuracy if related features are used. It employs an exhaustive

search algorithm that examines every conceivable solution space. With an

increase in the number of features, this search strategy increases the com-

putational time of FS issues significantly. This stimulates the reduction of

feature size in order to improve the FS approach’s classification accuracy.

Alternatively, it reduces the FS approach’s overall computational cost.

Wrapper-based techniques use learning algorithms as a black box to select

themost appropriate optimal subset of relevant features based on the classifi-

cationmodel’s accuracy. Based on the relevance of the feature, it determines

the best suitable optimal features.The key advantages of the wrapper-based

FS approach over the filter-based FS approach are that (i) it considers the

classifier hypothesis, which may handle feature dependencies more effec-

tively, and (ii) it determines optimal features via an induction algorithm.
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INTRODUCTION:

1.5 CONTRIBUTION:

The problem of feature selection can be framed as an optimization problem. When

there are few input features, all feasible combinations may be analysed, and the

best subset can be determined decisively. A stochastic optimization approach can

be used to explore the search space and find an effective subset of features when

there are a large number of input features.

This thesis presents the Artificial Electric Field Algorithm for optimal feature

selection to enhance the accuracy from cytology images dataset. The work flows

in several steps:

• extracting feature from the last layer where loss is minimum

• classification algorithms is used to determine the initial accuracy

• Artificial Electric Field Algorithm is used to find out the optimal subset of

features

• Classification algorithm is again applied on the optimal subset to check

whether the accuracy has been enhanced.
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CHAPTER 2

LITERATURE SURVEY

Numerous works have been reported on the classification of medical images utiliz-

ing the optimal feature selection. Optimization algorithms like GA [9], DE [10],

PSO [27] and ACO [12] are popularly used for optimal features selection. Few

works that have been studied during the journey of the work are stated below.

• Das et al. published a paper [3] on feature reduction using a neural fuzzy

model. A Linguistic Neuro-Fuzzy with Feature Extraction (LNF-FE) model

was used to analyze medical data for disease classification in this paper.

In the Neuro-Fuzzy (NF) model, Feature Extraction (FE) algorithms are

utilised to extract only those features (a smaller feature set) that signifi-

cantly contribute to the network. With a range of benchmark biomedical

data obtained from diverse fields, the usefulness of this suggested model

has been evaluated and validated. For proof of correctness, the acquired

results were evaluated using statistical techniques such as Friedman and

Holm-Bonferroni.

• In paper [6] on optimized feature selection using Jaya Algorithm by Das et
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al., a novel feature selection (FS) approach based on Jaya optimization algo-

rithm (FSJaya) along with supervised machine learning techniques has been

selected to select the optimal features.The method used a search methodol-

ogy to identify the most appropriate features by updating the worst features

in order to lower the feature space’s dimensions.The performance was eval-

uated on Pima dataset and achieved accuracy 79%. The Friedman and Holm

test were used to validate the suggested approach’s statistical significance.

• Das et al.[7] presented a teaching-learning-based optimization (TLBO) based

on the feature selection (FS) approach called FSTLBO for finding the op-

timal features in their paper [7] titled ’Optimal Selection of Features by

Teaching-learning-based Optimization Algorithm for Classification.’ This

method replaced weak features with strong ones.

• In the paper [8], Peng et al. presented a novel feature selection strategy for

dealing with biological data classification difficulties involving high dimen-

sionality.The method suggested in this paper combines filter and wrapper

approaches into a sequential search procedure to improve the classification

performance of the features selected. The method proposed in this paper is

highlighted in such a way that a pre-selection step was added and hence the

efficiency of searching feature subsets was improved with better classifica-

tion results.

• A new hybrid genetic algorithm (HGA) for feature selection (FS), called

HGAFS is presented in the paper [9] byKabir et al. HGAFS contains a novel

local search operation to tune the search in the FS process in a fine way, that

was designed and implemented inHGA. The local searchmethod is based on

the distinct and informative nature of input features, as determined by their

correlation information. The goal is to direct the search process so that less
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correlated (different) information such as general and special properties of a

dataset can be used to adapt the newly created offspring. HGAFS was tested

on 11 real-world classification datasets which have dimensions that varies

from 8 to 7129 and the performance was compared with ten existing well-

known FS algorithm and it was foundHGAFS produced better performances

with essential features with better accuracy.

• In the paper [10] by Qin et al., he presented the self-adaptive DE (SaDE)

algorithm, in which both trial vector generation strategies and their asso-

ciated control parameter values are gradually self-adapted by learning from

previous experiences in creating promising solutions. Consequently, a more

suitable generation strategy was determined along with parameter settings.

The approach was tested on 26 bound-constrained numerical optimization

problems and the results were satisfactory.

• In the papers [11] and [12], Ant Colony Optimization which is inspired by

real-life observations of ants searching for the shortest routes to sources of

food is presented for the improvement of text categorization performance

which is of utmost important in feature selection.The proposed approach is

simple to build and has a low computing complexity due to the usage of a

basic classifier. The feature selection usingAOC is tested the Reuters-21578

dataset and the performance is compared to genetic algorithm, information

gain, and CHI. The proposed algorithm’s superiority was demonstrated by

simulation results on this dataset.

• The paper [13], Too et al. tackled the feature selection problem using a

multiple inertia weight technique and innovative co-evolution binary par-

ticle swarm optimization (MIWS-CBPSO). Ten benchmark datasets from

the UCI machine learning repository are used to validate the proposed tech-
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nique. Four contemporary and popular feature selection approaches, namely

BPSO, genetic algorithm (GA), binary gravitational search algorithm (BGSA),

and competitive binary grey wolf optimizer (CBGWO), are used in a per-

formance comparison to analyse the effectiveness of the method.

• Mitra et al.[16] proposed a superpixel based cytology image segmentation

approach by applying various morphological and clustering algorithms like

anisotropic diffusion, DBscan, Fuzzy C-means, etc. After that the features

were extracted from the segmented nuclei and finally they achieved an ac-

curacy 91% on SVM classifier.

• In the paper [17], Artificial Bee Colony (ABC) Algorithm has been imple-

mented in CT Scan images of cervical cancer. ABC and SVM (Gaussian

Kernel) has been used for feature selection and classification and the accu-

racy came out to be 99%
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CHAPTER 3

PROPOSED METHODOLOGY

This thesis presents the AEFA approach for optimal feature selection to enhance

the accuracy from cytology images dataset extracted by using ResNet-18 [19]

CNN model. The work flows in several steps:

• extracting feature from the last layer

• classification algorithms is used to determine the initial accuracy

• Artificial Electric Field Algorithm is used to find out the optimal subset of

features

• Classification algorithm is again applied on the optimal subset to check

whether the accuracy has been enhanced.

A block diagram for the proposed methodology is given in Figure 3.1
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PROPOSED METHODOLOGY

Figure 3.1: A Block Diagram of the Proposed Methodology

3.1 DATASET:

The study used FNAC-based breast cytology pictures obtained from the pathology

centre ”Theism Medical Diagnostics Centre, Dumdum, West Bengal.” A total of

212 cytology pictures were taken, with 118 malignant and 94 normal samples.

The photographs were acquired with a 5-megapixel resolution using a 40x optical

zoom Olympus microscope.

The description of the dataset is given in Table 3.1

Some examples of cytology image samples are given in Figure 3.2
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Table 3.1: Description of the Dataset

Train Test Validation
Benign 77 09 08

Malignant 79 20 19

Brief description of RESNET-18, A popular Convolutional Neural Net-

work, Architecture The Convolutional Neural Network (CNN) model used for

extracting the features is RestNet-18 [19] .

The ResNet18 design has 72 levels and 18 deep layers. The architecture of

this network was designed to allow for the efficient operation of a high number

of convolutional layers. When neural networks are trained using back propaga-

tion, they use gradient descent to find the smallest weights by descending the loss

function. Due to the presence of numerous layers, repeated multiplication causes

the gradient to get smaller and smaller, eventually ”vanishing”, causing network

performance to be saturated or even degraded.

ResNet’s central concept is the usage of jumping connections, also known as

shortcut connections or identity connections. These connections work essentially

by jumping across one or more levels, creating shortcuts between them. The goal

of establishing these shortcut links was to tackle the problem of deep networks’

disappearing gradient. These shortcut connections fix the vanishing gradient prob-

lem by reusing the previous layer’s activations. Initially, these identity mappings

do little more than bypass the connections, resulting in the utilisation of preced-

ing layer activations. The network is compressed as a result of omitting the con-

nection; as a result, the network learns faster.Following the compression of the

connections, the layers are expanded to allow the residual part of the network to

train and explore greater feature space. Because of its complicated layered archi-

tecture and the fact that the layers receive input from several layers and output to
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PROPOSED METHODOLOGY

Figure 3.2: Examples of Cytology Image Samples [16], (a) Benign Samples, (b)
Malignant Samples

numerous layers, the network is classified as a DAG network. For the analysis

of medical pictures, residual networks and their modifications have been widely

used. The Architecture of Resnet18 is shown in Figure 3.3

3.2 TRAINING PROCESS:

The 212 segmented images (94 benign and 118 malignant samples) that were pre-

viously segmented 14 using a superpixel-based technique are randomly separated

into train, test, and validation sets in the ratio 3:2:1.Using training data, the val-

idation set is used to pick an effective deep learning model. Depending on the
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Figure 3.3: Architecture of ResNet18 [1]

validation set, the best model will be chosen. It is used to calculate a tuned model

estimate.

To begin, images from the trained set are randomly flipped horizontally, and

the flipped images are randomly cropped (horizontal and vertical). As a result,

an image with a resolution of 960 x 1280 is arbitrarily cropped into the ResNet18

dimension of 224 x 224 and rotated at 30 degree angles. The input images must

be scaled in these dimensions in order for pytorch to work. Neural networks were

used to train these randomly cropped images. The clipped portions will be modi-

fied randomly at each epoch during training because the transformation processes

are done at runtime. The model is trained in NVIDIA 510 and the PyTorch en-

vironment on a 6Gb GPU. The best is saved when there is the least amount of

validation loss. The characteristics are derived from the best-trained ResNet-18

model’s last layer.

3.3 ARTIFICIALELECTRICFIELDALGORITHM:

The artificial electric field algorithm [14] is based on the Coulomb’s law of elec-

trostatic force which states that the electrostatic (attraction or repulsion) force be-

tween two charge particles is directly proportional to the product of their charges

and inversely proportional to the square of the distance between their positions.
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Figure 3.4: Plot-ResNet18 (Training error)

Agents are treated as charge particles in this method, and their strength is deter-

mined by their charges. An electrostatic force attracts or repels these particles, and

objects move in the search space as a result of this force. As a result, charges are

used as a direct method of communication via electrostatic force, and the position

of the charge corresponds to a problem solution.Here, the charges are considered

as the fitness function of the solution and the population . Only the attraction

electrostatic force is taken into account in the algorithm, so that a charge particle

with the highest charge (”best”) attracts all other particles with lower charges and

moves slowly across the search space. As a result, the Artificial Electric Field

ALgorithm can be seen of as a closed system of charges that obeys Coulomb’s law

of electrostatic force and the laws of motion as follows:

• Coulomb’s First Law of Electrostatic: It states that like charges repel each

other and unlike charges attract each other.

• Coulomb’s Second Law of Electrostatic: It states that The force of attrac-

tion or repulsion between like and unlike charge particles is proportional to

the product of their charges and inversely proportional to the square of the

distance between their centres.
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• Law of Motion: It states that any charge’s current velocity is equal to the

total of its prior velocity’s fractions plus the changes in velocity. The force

exerted on the system divided by the mass of the particle equals variation in

the velocity or acceleration of any charge.

The Physics of the AEFA algorithm can now be defined using the above laws.

Let Yi = (Y 1
i , Y 2

i ,...., Y d
i ) be the position of ith particle in the d-dimensional search

space for i = 1, 2, 3,..., N, where Y d
i is the position of ith particle in the dth dimen-

sion. The position of the global best fitness achieved by all charged particles, as

well as the personal best fitness history of each particle, are used in the AEFA.The

following Eq. gives the position of the best fitness value acquired by any particle

i at any time t

Y (t+ 1) =

Y(t) if f(Yi(t)) < f(Yi(t+ 1))

Y(t+1) if f(Yi(t)) > f(Yi(t+ 1))

The Coulomb’s constant K(t) can be derived using the following equation as a

function of iteration and maximum iteration

Kt = K0 ∗ exp(−α i
maxiter

)

where K0 is the initial value and α is the parameter. The current iteration is

i and the maximum number of iterations is maxiter. The Coulomb’s constant is

set to a high value at the start of the algorithm for exploration, and then gradually

decreases iteration by iteration to manage the method’s search accuracy.

The fitness functions calculate the charge of the particles, assuming that the

charge of each particle is equal. One example of a good charge function is the

equation below. The charge function can take various forms to suit the require-

ments, with some being better than others for specific types of optimization issues.
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The most basic criterion for selecting a charge function is that the charge of the

best particle should have the biggest value (normalised), i.e. qbest = 1, while all

other particles of lower fitness should have a smaller value in the range [0,1]. The

choice of charge is determined by whether the purpose is to maximise or minimise

the fitness. It should be monotonically growing or decreasing for maximisation or

minimization problems, respectively, to ensure the biggest charge and therefore

greater force for the best fitness value.

qi(t) = exp(
fityi (t)−worst(t)

best(t)−worst(t)
)

qi(t) =
qi(t)∑N
i=1 qi(t)

where fpi is the fitness of the ith particle at time t.

For maximization problem:

best(t) = max(fj(t)), j ∈ (1, 2, 3, ...., N)

worst(t) = min(fj(t)), j ∈ (1, 2, 3, ...., N)

For minimization problem:

best(t) = min(fj(t)), j ∈ (1, 2, 3, ...., N)

worst(t) = max(fj(t)), j ∈ (1, 2, 3, ...., N)

The force exerted on the charge i from charge j at any time t is now defined as

follows:

F d
ij = K(t)

qi(t)∗qj(t)(Y d
j (t)−Y d

i (t))

rij(t)+ϵ
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where qi(t) and qj(t) are the charges of ith and jth particle at any time t, Kt

is the Coulomb’s constant at any time t, ϵ is a small positive constant rij(t) is the

euclidean distance between the two particles i and j given by

rij(t) = ||Yi(t), Yj(t)||

The total electric force exerted on the ith particle by all other particles in a

d-dimensional search space at any moment t is represented by the equation below.

Fi(t) =
∑N

j=1 rand()F
d
ij(t)

rand() returns a uniform random number in the range [0, 1], which is utilised

to give the algorithm its stochastic nature. Fi is the resulting force acting on the

ith charge particle, and N is the number of particles in the search area.

The following equation gives the electric field of the ith particle at any time t

and in the dth dimension

edi (t) =
F d
i (t)

qi(t)

As a result, the acceleration of the ith particle at any time t and in the dth

dimension is given by the following equation according Newton’s second law of

motion

ai(t) =
qi(t)e

d
i (t)

mi(t)

wheremi(t) is the unit mass of the ith particle at any time t.

The position of the particle and the velocity are updated as follows:

vdi (t+ 1) = rand() ∗ vdi (t) + adi (t)
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Table 3.2: Different Parameters used for AEFA

Parameter Description
d Number of dimensions
n Number of particles

maxiter Maximum number of iterations
Yi Position of the ith particle

vi(t) Velcity of the ith particle at time t
f(Yi(t)) Fitness of the ith particle at time t

K Coulomb’s constant
best Best fitness
worst Worst fitness
qi Charge of the ith particle
rij Euclidean distance between the two vectors Yi and Yj

Fi(t) Force exerted by the ith particle at time t
ei(t) Electric field of the ith particle at time t
ai(t) Acceleration of the ith particle at time t

Y d
i (t+ 1) = Yi(t) + vdi (t+ 1)

The list of parameters and their meaning for the Artificial Electric Field Algo-

rithm is given in Table 3.2. The flowchart of the Artificial Electric Field Algorithm

is given in Figure 3.5.

3.4 SELECTION FEATURES USING AEFA

The challenge of selecting the best appropriate optimal subset of the feature is

NP-hard and requires exhaustive search. With an increase in the number of char-

acteristics, this search method continuously increases the number of solutions in

the solution space. It is critical to choose the best value from among a variety

of options, which is a difficult process. It improves the performance of feature

selection difficulties at the end. The selection of optimal features is a three-step

process: (1) A set of subsets of features is generated; (2) The fitness of these sub-

sets of features are compared and evaluated among themselves to find the optimal
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Algorithm 1 Algorithm of the Artificial Electric Field Algorithm
The values of dimensions, number of instances and maximum number of itera-
tion are initialized
The position of the particles (Y1(t), Y2(t), Y3(t), ...., Yn(t)) are initialized ran-
domly in the search range [Ymin, Ymax]
The velocities are initialized to a random value.
The fitness values (f1(t)), f2(t)), f3(t), ...., fn(t)) of
(Y1(t), Y2(t), Y3(t), ...., Yn(t)) are evaluated
iteration t← 0
while Stopping criterion is not achieved do

Coulomb’s constant K, best fitness and worst fitness are calculated
The total force Fi(t), the total electric field ei(t) and acceleration ai(t) is

calculated
The velocity vi(t+ 1) and position Yi(t+ 1) of each particle are updated.
if fitness of the updated position is greater than the fitness of its previous

value then
the updated position is considered for next iteration

else
The previous position is taken into consideration

end if
end while

subset of features or until the termination criteria are satisfied; and (3) The result

is computed solely using optimal features. A new strategy of selecting features

by AEFA is proposed to overcome the aforementioned issue by selecting the best

acceptable subset of characteristics for classification. It speeds up and improves

the accuracy of classification for prediction. The algorithm’s goal is to choose the

most appropriate feature set C from the initial feature set D, such that C <= D.

Initially, a random binary population of N particles S = [S1, S2, S3, ..., SN ]
T

with dimension d denoting the total number of features or dimensions of the prob-

lem is generated. Si = [Si,1, Si,2, Si,3, ..., Si,d], where i = 1, 2,..., N is the sample

size and Si,d represents the ith particle position of the dth feature of the popula-

tion in the d dimensional feature space. Create a subset of characteristics for each

instance of the population, using Si,d = 1 for analysis. Every feature in the popu-
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Figure 3.5: Flowchart of AEFA

lation is represented as a binary form (either 1 or 0). The bits 1 and 0 reflect the

features that are selected or discarded for the classification process, accordingly.

For fitness (accuracy) computation, the randomly picked features are consid-

ered by a classification method, the Support Vector Machine (SVM) Radial Basis

Function (RBF) kernel. The goal of the algorithm is to select the most appropriate

subset of optimal features in order to maximise the algorithm’s fitness.

fSi
= accuracy of the individual Sd

i in the d-dimensional feature space.

The charge for the ith particle in d-dimensional feature space is calculated as

follows

qi = exp(
fsi )−worst(f)

best(f)−worst(f)
)
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qi =
qi∑N
i=1 qi

where fsi is the fitness of the ith particle at time t.

For maximization problem:

best(f) = max(fj), j ∈ (1, 2, 3, ...., N)

worst(f) = min(fj), j ∈ (1, 2, 3, ...., N)

The Coulomb’s constant K can be derived using the following equation as a

function of iteration and maximum iteration

K = K0 ∗ exp(−δ iteration
maxiteration

)

where S0 is the initial value and δ is the parameter. The current iteration is

iteration and the maximum number of iterations is maxiteration. The Coulomb’s

constant is initially set to a high value for exploration and then gradually reduced

to control the search accuracy.

On generation g the force acting on the charged particles i and j is indicated by

F g
i,j .

F g
i,j = K

qgi ∗q
g
j (S

g
j,d−Sg

i,d)

rgi,j)+ϵ

where qgi (t) and q
g
j (t) are the charges of ith and jth particle at iteration g, K is

the Coulomb’s constant, ϵ is a small positive constant ri,j is the euclidean distance

between the two vectors Si and Sj given by

ri,j = square root of sum of the squares of the difference between correspond-

ing element of the two vectors.
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The total electric force exerted on the ith particle by all other particles in a

d-dimensional search space at generation g is represented by the equation below.

F g
i,d =

∑N
j=1 rand()F

g
i,j

F g
i,d, is the total electric force acting on the ith particle in a d-dimensional fea-

ture space. Here, rand() is a uniformly distributed random number in the range

[0–1] that gives the method its stochastic nature, and N is the total number of par-

ticles in the search space.

egi,d gives the electric field of the ith particle at generation g in d-dimensional

feature space.

egi,d =
F g
i,d

qgi

As a result, the acceleration of the ith particle at generation g in d-dimensional

feature space is given by the following equation according Newton’s second law

of motion

agi,d = K ∗ egi,d

The position of the particle and the velocity for the next generation g+1 are

updated as follows. Here rand() is a random number generated uniformly in the

interval of 0 and 1.

vg+1
i,d = rand() ∗ vgi,d + agi,d

Sg+1
i,d = Sg

i,d + vg+1
i,d

Now, the local maxima is calculated for each element and the position with

higher value of fitness is considered for next generation.
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By determining the probability of the new individuals probability
(
Sg+1
i,d

)
, the

transfer function is employed to convert the continuous feature into its correspond-

ing binary feature. The following equation would be used to update the elements

in each population. If and only if the new individuals’ probability is less than or

equal to a random value, it is set to 0, otherwise it is set to 1. The rand() function

is used to produce random numbers that are dispersed between 0 and 1, where

probability is the probability.

probability
(
Sg+1
i,d

)
= 1/

(
1 + exp

(
−vg+1

i,d

))

Sg+1
i,d =

1 if probability
(
Sg+1
i,d

)
>rand()

0 otherwise

Individuals Sg+1
i,d ’s new fitness is assessed only on the basis of their former

fitness. The freshly computed fitness value is compared to the old fitness value

and updated. For the next generation, the best individuals with maximal fitness

values are considered. For the next iteration, the best individuals’ fitness value are

taken into account.

Sg+1
i,d =

Sg
i,d if f(Sg

i,d) < f(Sg+1
i,d )

Sg+1
i,d otherwise

The list of parameters and their de-

scription for the proposed methodology is given in Table 3.3. The flowchart of the

proposed method is given in Figure 3.6.
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Algorithm 2 Algorithm of the feature selection technique by AEFA
1: D ← 512, N ← 25,maxiteration← 10
2: The binary feature subsets (S1, S2, S3, ..., SN) are initialized randomly in the

search range
3: The velocities are initialized to a random value.
4: The fitness values fS1 , fS2 , fS3 , ...., fSn of (S1, S2, S3, ..., SN) are evaluated
5: iteration g ← 0
6: while g < 10 do
7: Coulomb’s constant S, best fitness and worst fitness are calculated
8: Fitness fsi is calculated for the particular iteration
9: The total force F g

i,d, the total electric field egi,d and acceleration agi,d are
calculated

10: The velocity vg+1
i,d and position Sg+1

i,d of each particle are updated.
11: The probability of each element of each subset is calculated
12: if Probability > random value then
13: The value of that element of that subset is set to 1
14: else
15: The value of that element of that subset is set to 0
16: end if
17: if fitness of the updated subset is greater than the fitness of its previous

value then
18: the updated subset is considered for next iteration
19: else
20: The previous vector of that particular subset is taken into consideration
21: end if
22: end while
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Table 3.3: List of different parameters used in the proposed methodology:

Parameter Description
D Number of dimensions
N Number of subsets

maxiter Maximum number of iterations
Si Binary vector of ith subset
vi(t) Velcity of the ith subset
f(Si) Fitness of the ith subset
K Coulomb’s constant
best Best fitness
worst Worst fitness
qi Charge of the ith subset
rij Euclidean distance between the two vectors Si and Sj

Fi(t) Force exerted by the ith subset
ei(t) Electric field of the ith subset
ai(t) Acceleration of the ith subset
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Figure 3.6: Flowchart for Feature Selection by AEFA
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CHAPTER 4

EXPERIMENTAL RESULT AND DISCUSSION

The breast cytology image dataset has been randomly divided into three halves:

75% for training data, 13% for test data, and 12% for validation for fitness (ac-

curacy) evaluation. Random horizontal flipping and cropping are performed on

images from the trained set (horizontal and vertical) to increase the size of the

training set. As a result, an image with a resolution of 960 x 1280 is arbitrar-

ily cropped into the ResNet18 dimension of 224 x 224 and rotated at 30-degree

angle. The model is trained in NVIDIA 510 and the PyTorch environment on a

6 GB GPU. The best is saved when there is the least amount of validation loss.

The features are extracted using the ResNet18 deep CNN model from the model’s

last layer, and the results (accuracy, precision, recall, f1 score) are tested using the

Support VectorMachine (SVM) on Radial Basis Function (RBF) kernel. Themax-

imum number of iterations and population size is set to 10 and 25, respectively.

The stopping criterion for the experiment is also set to 10 iterations.

The recall, precision, and F1-Score for the model are calculated by using the

following formulae, where TP = True Positive, FN = False Negative, FP = False

Positive, TN = True Negative.
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Table 4.1: Performances of SVMclassifier with andwithout using optimal features
selection

Performance Matrices Without Feature Selection With Feature Selection
Number of features 512 91

Accuracy(%) 0.62 0.85
F1 Score 0.61 0.83
Precision 0.62 0.81
Recall 0.64 0.82

Figure 4.1: Confusion matrices of classification result using SVM. Left: After
Optimal feature selection, Right: Before features selection

Recall = TP
(TP+FN)

Precision = TP
(TP+FP )

F1Score = (2∗Precision∗Recall)
(Precision+Recall)

The comparison of the performances of SVM classifier with and without using

optimal feature selection is given in Table 4.1

The confusion matrices before and after feature selection are demonstrated in

Figure 4.1.

The comparative analysis of the performance evaluation before and after opti-

mal feature selection is given in Figure 4.2

The experimental results came out to be satisfactorily good as compared to the

other optimization algorithms used for feature selection. When the features (512
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Figure 4.2: Comparison of different matrices obtained with and without feature
selection

features) were in unfiltered form, the accuracy, precision, recall, and F1 score

tested against the validation set were 62%, 62%, 64% and 61% respectively. The

results came out better after the optimal subset was selected using the Artificial

Electric Field Algorithm. The number of features selected in the optimal subset is

91 and the accuracy, precision, recall, and F1 score tested against the validation set

were 85%, 71%, 82% and 83% respectively, which is better than the performance

evaluation of the unfiltered feature set.

Page | 41



CHAPTER 5

CONCLUSION AND FUTURE WORK

In this thesis, FSAEFA, a new feature selection method based on AEFA meta-

heuristic optimization, is proposed for cytology image classification. The objec-

tive of this study was to successfully determine the optimal subset of features using

the AEFA method. The experimental results demonstrate that the proposed model

FSAEFA significantly outperforms the competition. Compared to the majority

of cases, the proposed model achieves superior computational performance and

greater precision. Additionally, it chooses the optimal number of features. The

test and validation precision of the breast cytology images are satisfactory.

In the future, a number of innovative and efficient metaheuristic algorithms

could be combined with the wrapper-based FS method to select optimal features

from a variety of classification models. These FS models have a wide range of

potential applications, including disease prediction, weather forecasting, and text

data analysis.
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