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Abstract

It’s quite difficult to fathom that the future of medicine and diagnosis is more
dependent on, and much more likely to be dictated by the growth of technology
than the quality of doctors. One of the deadliest diseases today that is ubiquitous
all around the world is Leukemia. As deadly as it is, it is one of the most difficult
diseases to diagnose. One of the biggest challenges is to identify cells as being affected
by this condition and this requires highly trained medical professionals to accomplish
such tasks. In this paper we have trained four different image processing models to
recognize and identify such cancerous cells. We have used more than 9000 images
to do so. After the training processes were over, we evaluated the success of these
individual models to assess the difference in their final accuracies, we should bear in
mind that these images are rather different than what a usual image-based dataset
would look like in that the images are quite similar despite being of different classes.
We have used the following models: YOLOvV5 (precision = 0.82), CNN (precision
= 0.74), YOLOvT (precision = 0.52), EfficientNet (accuracy = 0.89). From this we
can clearly agree upon the dominance of EfficientNet over all the other models.

keywords: medicine, diagnosis, leukemia, YOLOv5, YOLOv7, CNN and Efficient-
Net
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Chapter 1

Introduction

1.1 Background

Leukemia is a cancer that can be found in blood-forming tissues. It includes the
bone marrow and the lymphatic system. It involves the white blood cells (WBC).
White blood cells are essential to our immune systems and they normally function
by growing and dividing in a regulated manner. Leukemia is a complicated and
even lethal form of cancer that affects the bone marrow and blood. Our body
face difficulties to fight against infections when it faces unusual production of white
blood cells. As a result, it fails to perform the necessary tasks. Effective leukemia
therapy and better patient outcomes depend on the early and accurate diagnosis
of the disease. Researchers are showing their interest in using artificial intelligence
that can recognize and categorize leukemia.

Leukemia

Acute Lymphoblastic Leukemia(ATLL)
It can be found i lymphoid cells. ALL
1s common in children and 1t grows
quickly.

Acute Myelogenous
Leukemia{AML)

It can be found in myeloid
cells. AML 1s common in
both adult and children
and it grows quickly.
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Chronic Lymphoblastic
Leukemia(CLL)
It can be found in lymphoid cells. CLL
is common in adults people who and it
grows slowly.

Figure 1.1: Types of Leukemia
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Chronic Myelogenous
Leukemia(CML)
Found in myeloid cells. Similar to
CLL it also common in adult and
it gradually effects on our body.



However, Leukemia can be classified into four main types. The distribution of
these subtypes varies across different populations and age groups. Leukemia can
affect individuals of all ages, but certain subtypes have distinct age patterns. For
instance, ALL is most commonly diagnosed in children and young adults, while AML
and CLL are more prevalent in older adults. According to research, Leukaemia was
responsible for about 2.5% and 3.1% of all new cancer cases and deaths worldwide in
2020, respectively [16]. Medical professionals manually investigate these images. It’s
a very difficult and time-consuming process additionally this process is vulnerable to
subjectivity and human error. The development of automated systems can help in
the detection and classification of leukemia, resulting in more effective and reliable
diagnostics.

1.2 Problem Statement

The problem of “Comparative Analysis of Neural Network Models for Peripheral
Blood Cell Image Classification” aims to address the challenges in accurately iden-
tifying and classifying leukemia from microscopic images of peripheral blood cells.
Leukemia, a type of blood cancer, can manifest in various subtypes with distinct
morphological characteristics, making it essential to develop an automated and effi-
cient system that can reliably detect and classify abnormal cells with high precision
and sensitivity. The utilization of neural networks presents a promising approach to
handling the complexity and variability of blood cell images, but the key challenges
lie in training and optimizing these models to achieve robust and accurate results.
This research seeks to overcome these obstacles and contribute to the development
of a reliable, automated diagnostic tool to assist healthcare professionals in early
detection and improved management of leukemia.

1.3 Research Objectives

The primary aim of this research is to investigate the classification and detection
of leukemia in peripheral blood cell images using neural networks. The objectives
of this research are designed to systematically address key aspects of the research
topic and contribute to the advancement of knowledge in this field. The objectives
of our research are as follows:

e To develop a dataset of peripheral blood cell images including both healthy
and leukemia-affected cells, with proper annotations.

e To implement a deep learning model that can explicitly detect and distinguish
leukemia from blood cell images.

e To compare the performance of our model with other methods for detection
and classification purposes.

e To determine how well the model can perform on unseen data additionally we
will evaluate its performance on external datasets and consider its potential
in real-world applications.



Chapter 2

Literature Review

Researchers have developed advanced computer algorithms and neural networks to
automate and improve the classification of different types of blood cells but there are
still few scopes for further advancement in this field. One of the main challenges is
that leukemia is a very diverse disease and there is no single test that can accurately
determine all types of leukemia. Additionally, the early stages of leukemia can be
difficult to detect which can lead to delays in diagnosis and treatment. Despite these
challenges, existing research has introduced various approaches to deep learning for
instance CNN, RNN, and BCNN which have demonstrated promising results in
accurately diagnosing leukemia and categorizing different subtypes. This approach
can minimize the workload of doctors as well as has the potential to improve the
accuracy of leukemia diagnosis, especially in the early stages of the disease.

2.1 Related Works

This article [4] describes a system that uses advanced computer algorithms to ac-
curately identify different types of blood cells. Traditionally, identifying blood cells
requires expertise, but this system aims to automate and improve the process. The
researchers collected a large dataset of 17,092 images of normal blood cells and used
them to train a computer model. They tested two different designs. Using VGG-16
and InceptionV3 CNN architectures they achieved high levels of accuracy. Using
VGG16 they achieved 86% and achieved 90% accuracy using Inceptionv3. The ini-
tial architecture VGG16 was used for feature extraction later these features were
used for cell classification by another algorithm. The second design fine-tuned the
networks themselves for cell classification. The results showed that both designs
performed well, with the second design achieving an overall accuracy of 96.2%. This
research demonstrates the effectiveness of using advanced algorithms and neural
networks to automate the classification of blood cells.



This research [19] paper focuses on using a special type of deep learning model called
Faster R-CNN to diagnose leukemia. The author trained the model using a dataset
of microscopic images of blood smears containing both normal and leukemia-affected
cells. The model learns to detect and classify leukemia cells by looking at specific
regions in the images. The paper explains how the model was trained and evaluated,
with bounding boxes drawn around leukemia cells to help the model locate them.
The model’s accuracy was measured using various metrics and found to be 97%. The
experiments showed that the Faster R-CNN model is highly accurate in diagnosing
leukemia by effectively identifying and categorizing leukemia cells in the images.
This suggests that the model has the potential as an automated tool for leukemia
diagnosis.

The research [22] presents a novel approach using Bayesian Convolutional Neural
Networks (BCNNs) for the diagnosis of blood cancer. The authors address the chal-
lenge of accurately identifying different types of blood cancer through automated
systems. The study introduces BCNN models, which integrate the powerful deep
learning capabilities of Convolutional Neural Networks (CNNs) with Bayesian infer-
ence techniques. This combination enables the models to not only provide accurate
predictions but also estimate uncertainty in their predictions. The authors uti-
lize a dataset containing microscopic blood cell images, including both normal and
cancer-affected cells, for training and evaluation. They describe the architecture and
training process of their BCNN models, including the use of Bayesian techniques to
model uncertainty and capture heterogeneity in the data. The performance of the
models is evaluated using various metrics such as accuracy, precision, recall, and
F1 score. The results demonstrate that the BCNN models achieve high diagnostic
accuracy and outperform traditional CNNs. Moreover, the uncertainty estimates
provided by the models contribute to the interpretability and reliability of their pre-
dictions. By combining deep learning with Bayesian inference, these models provide
accurate predictions and valuable uncertainty estimates.

This research [5] focuses on using special computer algorithms called Convolutional
Neural Networks (CNNs) to identify different types of leukemia from microscopic
images. Accurately classifying leukemia subtypes is important for proper treatment
and patient care. The researchers trained a CNN model using a dataset of micro-
scopic images representing various leukemia subtypes, including ALL, AML, CLL,
and CML. The paper explains how the model was built and trained, with the dataset
divided into training and testing sets. The model learned to recognize the unique
features of each leukemia subtype. They evaluated the model’s performance using
different measurements. In their experiments, the CNN model achieved 88.25% ac-
curacy for one leukemia type and 81.25% accuracy for the other subtypes. These
results show that the CNN model is effective in identifying leukemia subtypes. It
performs well and can reliably distinguish between ALL, AML, CLL, and CML.
These findings demonstrate the potential of using advanced algorithms like CNNs
to automate the identification of leukemia subtypes from microscopic images.



In the research work [3], the authors suggest a new convolutional neural network
(CNN) design named LeukemiaNet to categorize distinct forms of leukemia, which
consist of acute lymphoblastic leukemia (ALL) and acute myeloid leukemia (AML),
as well as individuals without cancer. The authors used a dataset of 1188 blood
cell images, which were divided into three classes: ALL, AML, and normal. The
LeukemiaNet architecture consists of five convolutional layers, followed by two fully
connected layers. The convolutional layers use ReLU activation functions, and the
fully connected layers use sigmoid activation functions. The LeukemiaNet architec-
ture was trained using a stochastic gradient descent optimizer with a learning rate of
0.0001. The model was trained for 20 epochs, and the best model was selected based
on its performance on the validation set. The LeukemiaNet architecture achieved
an accuracy of 96.6% on the test set. This accuracy is comparable to the accuracy
of other methods that have been used to classify leukemia from blood cell images.
The authors also evaluated the LeukemiaNet architecture on a smaller dataset of
49 ALL images and 10 AML images. The model achieved an accuracy of 97.7% on
this dataset. The authors stated that the LeukemiaNet architecture is a promising
approach for classifying leukemia from blood cell images. The model is accurate
and efficient, and it can be used to improve the diagnosis of leukemia. In addition
to that, the author also introduced the use of PCA color augmentation to improve
the performance of the LeukemiaNet architecture.

In this study [28], Leukemia is the most common type of blood cancer, and it is
triggered by an unusually high amount of white blood cells, sometimes referred to
as WBCs. It is a major reason for death worldwide and accounts for approximately
a quarter of all instances of cancer detected in kids. Acute lymphoblastic leukemia,
often known as ALL, is the kind of leukemia that is most commonly discovered in
human bone marrow. It is a disease that attacks the bone marrow and ultimately
results in the death of white blood cells. The earlier and more accurately cancer
is diagnosed, the better the prognosis and the chances of the patient surviving the
disease. As a direct consequence of this, medical professionals are now in a position
to efficiently diagnose early stages of leukemia by using computer-aided diagnostic
(CAD) models. In this research, the authors created a categorization framework
using the EfficientNet-B3 CNN model to distinguish ALL as a smart model that
adapts the learning rate (LR) automatically. This model differentiates ALL as an
automated model. At the beginning of each epoch, they compared the training
accuracy with the loss value using a bespoke LR that they developed. On the
C-NMC Leukemia dataset, the suggested model was put through its paces. The
dataset underwent preprocessing that included both normalization and balancing.
The suggested model was assessed and judged in light of more recent classifiers. The
suggested model achieved averages of 98.29% precision, 97.83% recall, 97.82% speci-
ficity, 98.31% accuracy, and 98.05% Disc similarity coefficient (DSC), respectively.
In addition, the model that was presented was used in order to detect the malaria
parasite by analyzing microscopic pictures of blood samples. Their suggested model
had an average precision of 97.69%, recall of 97.68%, specificity of 97.67%, accuracy
of 97.68%, and DSC of 97.68%, respectively. As a result of this, the assessment of
the model that was suggested shown that it has an unparalleled perceptive outcome
with tuning in comparison to other current existing models.



The following article [23] highlights, White Blood Cell (WBC) identification and
counting on microscopic blood cell pictures may enhance human knowledge in Acute
Lymphoblastic Leukemia (ALL) diagnosis, making it easier and faster to diagnose
the disease. Previous studies often used traditional methods for ALL subtype iden-
tification. These methods need many phases, including WBC segmentation, touch
cell separation, feature extraction, and classification. The authors offer strategies for
object identification and instance segmentation that just need one learning frame-
work and do not require different phases of development. In this research, they
assess how well the YOLO and Mask R-CNN models perform in identifying ALL
subtypes. They use evaluation measures like accuracy, recall, F1, and mAP to gauge
their effectiveness. Based on the results, the YOLOv4 shows superior performance
compared to the YOLOv) and the Mask R-CNN when it comes to identifying ALL
subtypes. The YOLOv4 model performs slightly better than both the YOLOv5
model and the Mask R-CNN model, with an F1 score of 89.5% and a mAP score of
93.2%.

In this paper [29], The analysis of blood diseases starts with the recognition and
grouping of bone marrow (BM) cells as a crucial foundational element. As a result
of the low precision caused by the limited amount of BM-cell data samples, the slight
variances between categories, and the compact nature of the objective, pathologists
are still required to manually carry out numerous identifications on a daily basis.
In this study, the authors present an enhanced technique for identifying BM-cells,
which we refer to as YOLOv7-CTA. This is carried out to conquer the challenges
that were previously talked about. To begin with, to enhance the model’s ability
to detect small details, they integrated a new component called CoTLAN into the
main network. This provided the model with the capacity to conduct long-term
modeling among the different parts of the desired feature data. Afterwards, to work
together with the CoTLAN module and give more focus to the characteristics in the
targeted region, they combine the coordinate attention (CoordAtt) module within
the CoTLAN modules to amplify the model’s emphasis on small target features.
This is performed to enable the model to focus more on the characteristics in the re-
gion that needs to be identified. Ultimately, they employ K-means++ to group the
desired boxes of the BM cell dataset in order to produce more suitable anchor boxes.
This facilitates the quicker convergence of the enhanced model. Furthermore, they
utilize the Focal loss technique instead of the multi-class cross entropy to rectify
the inequality between the number of positive and negative samples in the BM-cell
images. The findings of the tests indicate that the suggested model outperforms
the Faster R-CNN model, the YOLOv5] model, and the YOLOvV7 model in terms of
mean average precision (mAP). This indicates an enhancement of 12.9%, 8.3%, and
6.7%, correspondingly, above those versions. This shows that the YOLOv7-CTA
model is more effective and accomplished in identifying BM-cells.

White blood cells, also known as WBCs, are an important factor in determining a
person’s overall health as well as the presence or absence of illness in their body. An
automated categorization system [14] is able to recognize white blood cells, which
may assist medical professionals in correctly diagnosing a variety of conditions, in-
cluding malaria, anemia, leukemia, and others. Automated examination of blood
cells enables quick and reliable results and often includes a comprehensive data set



with no need for performance negotiation. The process takes a lot of time, but
the latest computer systems can analyze blood cells automatically using images of
blood smears. This is achieved by going through several phases, like extracting char-
acteristics, dividing into sections, and preparing beforehand. This study suggests
a successful method for identifying and categorizing images of blood cells in the
outer parts of the body. It accomplishes this by combining the algorithms of salp
swarm and cat swarm optimization to optimize the convolutional neural networks
used in the SSPSO-CNN approach. The goal of this method is to circumvent the
issues that have been raised. This research study makes use of the CNN method
to automatically categorize five different types of peripheral blood cells, including
eosinophils, basophils, lymphocytes, monocytes, and neutrophils. There is no inter-
action from a human researcher. Another aim of this research [14], is to introduce
an improved edition of salp swarm optimizer (SSO) by utilizing particle swarm opti-
mization (PSO) with the objective of attaining satisfactory classification results on
the collection of blood cell images. For the purposes of training, the CNN makes use
of the VGG19 architecture in this work. When using VGG19 models, an accuracy
of 98% may be attained in the classification process. A high level of classification
accuracy is achieved using the suggested model, which is based on the CNN tech-
nique and optimized using SSPSO. This model also allows automated peripheral
blood cell categorization. This technique lays the groundwork for the fine-tuning
procedure that is required to construct a classifier that was trained on 10,674 photos
gathered from medical practice. The suggested technique improved performance in
terms of high precision and F 1-score, achieving an overall classification accuracy of
99% in the process [14].

The examination of white blood cells [20], which serve as the body’s first line of
defense against pathogenic microorganisms and other agents that might cause ill-
ness, is a significant topic in the field of medicine. The quantities of these cells
in the blood, which may be broken down into five different groups, namely mono-
cytes, eosinophils, basophils, lymphocytes, and neutrophils, change depending on
the kinds of illnesses that are present in the body. The peripheral blood smear is
one of the most common methods used for analyzing blood cells. Evaluation using
this approach manually is a hard and time-consuming process. At the same time,
the performance of the procedure is affected by a wide variety of environmental and
humanistic aspects. As a result, a detection procedure that operates in real time
has been implemented in this research. To begin, the object recognition framework
makes use of the YOLOvbs, YOLOvHx, and Detectron 2 R50-FPN pretrained mod-
els. Following this, two novel additions are made to the investigation in order to
enhance the functionality of the model. The initial contribution consists of maxi-
mizing the activation function, which is both an important criteria in the process
of training the model and an arrangement that is supplied in the architecture. The
overall recognition rates of all classes see a 0.006 percentage point increase as a result
of using this strategy, which is advocated. The combined use of the YOLO and De-
tectron2 frameworks, both of which are distinct in the object evaluation procedures
that they employ, is the second contribution. The outputs acquired from the YOLO
and Detectron2 pretrained models were improved by between 3.44% and 14.7% when
compared to the success rate attained with this hybrid structure, which offered an
improvement of between 3.44% and 14.7%. In addition, the highest accuracy rate



of this hybrid structure on the test dataset for the detection and classification of
white blood cells is reached as 98%. This figure was acquired by using the hybrid
structure to identify and classify the white blood cells.

Using machine learning techniques in medicine is challenging [12] because it requires
a high level of precision and accuracy. Additionally, the risks involved with even
the slightest errors are significant. Using these strategies for a more complex area
of blood analysis shows great potential, specifically for automatically recognizing
different types of blood cells. This could be helpful in detecting blood-related dis-
eases. In this research, they assess 27 of the most well-liked advanced convolutional
neural network designs on the small images of blood cells obtained as data. The
assortment is available to the general public and includes a large amount of typical
blood cells obtained using the CellaVision DM96 machine and identified by qualified
doctors into a total of eight different cell categories. They make significant changes
to the latest advanced picture sorting models. Blood cell classification carried out
using pre-training on the ImageNet dataset. During the training phase, they utilize
methods of data augmentation to avoid overfitting and attain generalization. A
group of highly skilled models brings significant improvements compared to previ-
ous research, achieving remarkable results in the field with a classification accuracy
of 99.51 percent. This document provides practical foundations and standards for
various common deep-learning structures based on real-world data. for the tiny task
of recognizing blood cells from the outer edge.



Chapter 3

Methodology

We divided a methodology into two sole parts mainly workflow and dataset descrip-
tion.Then, further discuss about the model architectures.

3.1 Workflow

In our Research, by collecting proper dataset of relevant image data for our machine
learning model we began our workings. We used Roboflow to annotate our data
to facilitate our model to be trained, for objects of interest creates ground truth
labels. We also pre processed our data with plethora of techniques such as “Min-
Max Scaling”, resizing and scaling to prepare our data to feed into the models.
Just after which divide our data into three portions which are training, testing and
validating to evaluate our models. Multiple model architecture was explored which
are YOLOvV5, YOLOvT7, Basic CNN and EfficientNet. Anchor boxes were configured
by us and we trained them on pre-processed data with YOLO models. These models
were trained on the data which were pre- processed earlier make a comparison on
model accuracy and efficiency.

Selecting

Annotatinon
Images

Data Collection G

Data Training

Data Splitti —
ata Splitting Preprocessing Different Model

Evaluating Result and
Models Analysis

Figure 3.1: Overall Workflow
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3.2 Dataset Description

The information set provided through the given link is centered on identifying types
of blood cancer known as leukemia, which is a notable objective in the area of
medical testing. It provides a complete gathering of genetic data on how genes are
used in patients with different forms of blood cancer. The information provided
in this dataset is intended to support scientists, analysts, and healthcare experts
in creating dependable and effective models to identify and predict the future of
leukemia patients. The information provided includes patterns of how genes express
themselves, which were garnered from a small-scale array examination. It comprises
gauging of gene manifestation degrees for countless genes in every specimen. Every
specimen matches a person who has been identified with a specific form of blood
cancer. This dataset is used for the task of classifying microscopic images of blood
samples into two categories: Acute Lymphoblastic Leukemia (ALL) and Hematopoi-
etic(hem) cells. In the context of this dataset, the ALL category represents images
of blood cells affected by Acute Lymphoblastic Leukemia. On the other hand, the
hem category represents images of normal hematopoietic cells, which are not af-
fected by Leukemia.The information is given in an organized manner and usually
comes as a file that uses commas to separate values, known as a CSV file. Every
line corresponds to a specimen from a patient, where the genes’ manifested traits
are displayed as vertical divisions. Moreover, the set of information might possess
other significant details about the specimens, like patient characteristics and med-
ical records. The collection of information covers a considerable quantity of facts,
with a notable quantity of examples and hereditary manifestation evaluations. You
can find out the precise amount of samples and characteristics by referring to the
dataset explanation that’s accessible on the Kaggle site. The collection of data is a
useful tool to create models of machine learning that can assist in the precise identi-
fication of types of leukemia. Using the way genes are expressed, these models may
be able to help healthcare providers make knowledgeable choices regarding treat-
ment strategies and individualized attention. Models that have been taught using
this collection of data can be utilized to estimate the development and prediction of
potential outcomes of disease for patients with leukemia. These patterns can assist
in recognizing individuals who may need more intense treatments or those who may
react favorably to particular therapies. The collection of data provides scientists and
researchers with a useful asset to examine leukemia biology and create new healing
methods. It allows for the study of how genes are expressed in various types of
leukemia, which could lead to finding new targets for treatment.
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Chapter 4

Dataset Pre-processing

4.1 Annotation

We have mainly used Roboflow to preprocess our data. Since we are working in
the field of image processing it’s essential to label and annotate the images that we
are working with and using Roboflow all this can be done with ease. Roboflow uses
a bunch of tools such as resizing, cropping, and augmentation to make the images
finely tuned to feed to the machine learning model.

From our dataset, the images we received were classified with ALL and Healthy cells.
As a result, in order to train our model we annotated it with the help of Roboflow.
In order to gain a better accuracy we have to crop the majority of the black portion
so that our model can detect it within a short period of time.

Acute Lymphoblastic L.eukemia Healthy Cell

Figure 4.1: Annotation of ALL and Healthy Cell
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4.2 Min-Max Scaling

To ensure the prime performance of an individual learning model, proper Data Pre-
processing is a very concerned matter. To be more precise, “Min-Max Scaling”
technique was used by us to fit out input data for the training and evaluation.
This preprocessing step is particularly crucial while working with image data as the
problem that arises from different feature scales gets extracted by it . An input
component was present for each combination of data points in our dataset which
represented the image data and an associated label or target value that served as a
target component.

The “Min-Max Scaling” operation [9] was applied on the input data only. In this
step, By the highest possible pixel value the value of each pixel of input images gets
divided. Which is 255 for both grayscale image and each color channel of an RGB
image which is 8-bit. This division ensures the conversion to a uniform pixel value
range(0,1] ,which initially was 0 for Black and 255 for White. As for feature scaling
and normalization pixel values to a particular scale “Min-Max Scaling” is known
but it also additionally serves more essentiality which are as follows:

4.2.1 Stability and Convergence

Model stability got supported while also training an increase in rapid convergence
were seen by consistent scales of input features, which makes the learning more
enhanced [10].

4.2.2 Model Robustness

Making it less sensitive to changes in the input data, for applying in fresh scenarios
, the capability of the model enhances to a different level.

4.2.3 Gradient Descent

Prevention of certain features from predominating the learning process gets en-
hanced by having characteristics with identical scales, for optimization algorithms
like gradient descent[10].

Min-Max Scaling was an integral part of our data preprocessing pipeline which
concurrently impacted our machine learning models overall success and performance
by also handling image data.
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4.3 Data Splitting

It is important to partition our dataset into distinct subsets to train, validate and
evaluate our pre-selected models for our research. Partitioning the models ensures
machine learning models to be trained on a solid depiction of the data by enabling
us to evaluate the performance of models carefully on hypothetical examples.

For training 70%, validation 20% and testing 10% data were designated. For learning
patterns the training set was used for machine learning models. Furthermore, the
validation set not only helped in running hyper parameters but also prevented the
model from overfitting. Finally, for assessing the model’s generalization performance
a 10% test set was employed.

The data splitting was done to ensure the training should be done with an appro-
priate portion of data. Due to this precise partitioning, we can get to a conclusion
about the model’s efficacy and adaptability .

14



Chapter 5

Proposed Models

5.1 CNN

In this research, we used a widely used powerful deep learning model which is Con-
volutional Neural Network(CNN) architecture which is mainly designated for image
classification tasks [13]. This model can automatically learn and extract some dis-
tinct features from input images.

Initially the model starts with an input layer which is made to support 256x256
pixel resolution and RGB color channels. These individual channels record color
information, provide source images with a rich representation.

The heart of this architecture is three consecutive convolutional layers which con-
tribute to the feature extraction [2]. With the help of 16 filters and (3,3) sized
kernels, the first convolutional layer filters detect local patterns and edges from the
input images. To introduce non-linearity and enhance feature representation activa-
tion function named The Rectified Linear Unit (ReLU) gets applied [15]. Following
the first layer a max-pooling layer is introduced for the first time. It reduces the
spatial dimension of the feature map that comes from the first convolutional layer.
Which also works on preserving important features with critical information and
additionally working on reducing the time complexity.

Fully

Convolution Connected

O.
Input Pooling ) O .. - _-C.‘l.luu'.

ol--... O .‘;._.‘.-D
R - 1} OO

| “of
L J\ J

Y Y

Feature Extraction Classification

Figure 5.1: The Basic CNN Architecture
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Using ReLU activation function with addition to 32 filters with a (3,3) kernel size
second convolutional layers involved in the model[11]. Additionally, captures the
most complex and abstract features from the input data. Second convolutional
layer after that followed by another max-pooling layer which makes the feature map
more precise. To capture high-level features, the third convolutional layer comes up
with 16 filters with (3,3) kernels to make an impact in the model’s ability. Lastly to
the output of the third convolutional layer, a final max-pooling layer is applied [15].

After moving through the convolutional and max-pooling layers the feature map
then flattened into a one-dimensional vector which is a step to move to fully con-
nected layers from convolutional layers. This operation is known as flattening. To
learn high-level representations from the flattened features that got from earlier
steps, introduction of two fully connected (dense) layers were done [15]. A com-
pound consisting of 256 units and employing ReLLU activation function known as
the first dense layer, serves as a feature extractor, determining complex relationships
and patterns in the data. With just one unit , in the final dense layer the function
of sigmoid activation is used. The output layer is designed for a binary classifi-
cation task which offers a probability score between 0 and 1. To generate binary
predictions, this probability can be used as a threshold. Which can categorize input
images into one of two groups.

In a nutshell, starting with low-level patterns and progressing to high-level abstrac-
tions ,the design of our CNN architecture allows for the gradual extraction of ar-
ranged features from these input images [11]. Then from fully connected layers
classification was done by using those extracted features. To ensure that the model
can work with new data prediction in an efficient manner appropriate preprocessing
techniques, such as data splitting and scaling, were applied.

Model: “sequential™
Layer (type) shi Param #
conv2d (Conv2D)

max_pooling2d (MaxPooling2D (None, 127, 127, 16)
)

conv2d 1 (Conv2D) (None, 125, 125, 32)

max_pooling2d_1 (MaxPooling (None, 62, 62, 32)
2D)

conv2d 2 (Conv2D) (None, 60, 60, 16)

max_pooling2d 2 (MaxPooling (None, 30, 30, 16)
2D)

flatten (Flatten) (None, 14400)

dense (Dense) (None, 256) 3686656

dense_1 (Dense) (None, 1)

Non-trainable params: @

Figure 5.2: CNN Model Description
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5.1.1 CNN Implementation Flow

* Blood Cell
Microscopic
Image Data

* Min-Max
Scaling

* Training 70%

* Testing 10%

* Validating
20%

Figure 5.3: Implementation Flow

5.1.2 Training And Validation of CNN
5.1.3 CNN Training

During the time of training , the CNN model was exposed to a sizable collection
of images which was annotated, where it collects patterns and characteristics of
images. Enhancing accuracy so that images can be correctly classified based on
their attributes is the sole purpose here. To make predictions, it needed to make
sure that CNN must be trained so that it can differentiate the key components like
edges, textures, forms, and colors from data.
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5.1.4 Testing

During the testing the model gets tested by some unseen or unknown images that
weren’t seen by the model previously to see how precisely the model can predict
the class. In time of testing the predicted class was compared with the true class to
calculate the accuracy of the model.

Loss Accuracy
0.604 — loss —— accuracy
— val_loss 0901 — val_accuracy
0.55
0.88
0.50
0.86
0.45 4 0.84
0.40 4 0.82
0.354 0.80
0.304 0.78
0.25 0.76
0.20 - 074

Figure 5.4: Loss and Accuracy of CNN

5.1.5 Result of CNN

202s 1s/step 1 9.51 accuracy: 0. val loss: @. val accuracy:
189s 1s/step 1 0. accuracy: 0. val loss: 0.495] val accuracy:
189s 1s/step P e, accuracy: o. val_loss: @. val_accuracy: e
197s 1s/step 1 8.443 accuracy: o. val_loss: @. val_accuracy: o.

190s 1s/step 1 0. accuracy: 0. val loss: @. val accuracy:

191s 1s/step 1 e, accuracy: 9. val_loss: @. val_accuracy: @.

199s 1s/step 1 e, accuracy: . val_loss: @. val_accuracy: .79
190s 1s/step 1 0. accuracy: 0. val loss: @. val accuracy:
194s 1s/step 1 0. accuracy: 0. val loss: @. val accuracy:

Epoch 18/1e
148/148 [= 2005 1s/step P e, accuracy: o. val_loss: @. val_accuracy: @.

Figure 5.5: Epoch Wise Result of CNN
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5.1.6 Point Prediction From CNN

In our work we have done point prediction where we obtained individual predictions
from our machine learning model. This is a type of supervised learning especially
in the context of regression and classification tasks.

50

100

200

0 50 100 150 200 250
Predicted class is HEALTHY

Figure 5.6: Prediction of Class
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5.2 YOLOv5

Since YOLOV5 has yet to have a published paper, we are only able to provide a basic
explanation of how YOLO functions. Given how similar the YOLOv5 and YOLOv4
models are to one another, a comparison between the two will help to further explain.

As a single regression model, YOLO handles the detection task[18]. It heavily relies
on its backbone model, which is responsible for identifying meaningful features from
images that are also used in the top-level layers. For example, GoogleNet was used
as the backbone for the YOLO model which later on changed to DarkNet networks
by Joseph Redmon.

The process was initiated by first dividing the input into an S*S grid cell. Each and
every cell is in charge of detecting objects that are right in front of them. Specifi-
cally, if the center of an object or something enters the grid cell, that cell’s job is to
find that specific object.

Bounding boxes, which are rectangular outlines that are used to draw attention to
specific objects in images, are provided in multiples for each grid cell. The cell then
performs additional calculations to forecast the bounding box’s height, width, and
center as well as its likelihood to contain an object and the type of object that ob-
ject will be. Type of object refers to the possibility that a blood cell could be either
healthy or leukemic.

Secondly, it eliminates bounding boxes below a predetermined threshold by using
the Intersection over Union (IoU) concept. By using this idea, the bounding boxes
that are too far apart from the actual boxes can be removed from the model. In the
detecting scheme, IoU determines how the bounding boxes overlap.
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In order to eliminate overlapping and redundant boxes, the algorithm employs a dif-
ferent technique called Non-Maximum Suppression (NMS), which selects the most
efficient boxes. Because there might still be some multiple detection boxes for an
object of a similar type after the Intersection over Union.

S = S grid on input g 7 Final detections

Class probability map

Figure 5.7: YOLO algorithm implementation.

Figure 5.2 taken from [1] demonstrates how the fundamental YOLO algorithm works
to predict an object. By anticipating the objects in the bounding boxes, the model
was able to correctly identify the type of object in the figure.

The loss function is the most fascinating aspect of YOLO. The model YOLO algo-
rithm optimizes the loss function during training [25].

This is merely a summary of YOLO’s fundamentals. Later, YOLO models and ver-
sions with new features and enhancements were released. For example YOLOv4,
YOLOvV5 etc. However, YOLOv5 and YOLOv4 have much more similar architec-
tures than the others. We will go into greater detail about the YOLOv5 differences.
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Figure 5.8: Structure of an Object Detector

Figure 5.3 shows the elementary build-up of an object identifier. Backbone was
used to predict the classes and bounding boxes for pre-training. One staged or two
staged detectors, like YOLO, and SSD, are suitable for dense prediction (which is
one staged), while R-CNN is recommended for sparse prediction. A layer called the
neck serves as a storage area for feature maps in contemporary object detectors [7].

For YOLOv4 architecture CSPDarknet53 is used as the backbone and an APP block
is added to widen the receptive field. Additionally, Persistent Appearance Networks
(PAN) were used for parameter aggregation. And just like YOLOv3, YOLOv4
makes use of a similar type of head anchor. It also includes a fresh method of data
augmentation Self Adversarial Training (SAT). For instance, employs two forward
steps and one backward step and combines four training images. In the first step,
the network modifies the image while keeping the weights, and in the second, it is
trained to spot an object in the modified image [7].

YOLOV5 has a nearly identical architecture to YOLOv4 [17]. The primary differ-
ence, however, is that anchor boxes in YOLOv) are automatically determined from
the distribution of bounding boxes rather than being predefined. This is a signifi-
cant improvement because the size of the building boxes may vary from the anchors
previously specified in the COCO dataset. As opposed to YOLOv4, which made use
of the Darknet Framework, YOLOv5 uses the PyTorch Framework. Additionally,
there are some differences between these two models in terms of the file types they
support. Because YOLOvV) uses a .yaml file and YOLOv4 uses a .cfg file, respec-
tively. The difference between these two types of file conventions is that a .yaml file
identifies different types of network layers after which the number of layers present
in that block was multiplied.

The architectural workflow of the YOLOv5 algorithm is shown in Fig. 5.4. The
three main parameters of the YOLOv5 algorithm are the “Backbone” “Neck” and
“Output” [24]. The backbone network is made up of CNN, a version of Efficient-
Net, which extracts features from the preprocessed inputs. The feature map gath-
ered from the Feature Pyramid Network (FPN) is refined in the Neck. uses both
upsampling and concatenation to combine feature maps of various scales. Addi-
tionally, it aids in gathering more precise data from various levels of the feature
pyramid. Then the detection was completed, and after going through the Non-

22



Non
Input Feature i
Backbone Pyrainid Meck Head Detection Maximum Output
Image Network Metwork(FEN) Layer Suprression

Figure 5.9: YOLOv5 implementation flow

Maximum Suppression (NMS) step to remove overlapping and redundant boxes by
choosing the most effective one, it provides the most single output that is possi-
ble. When compared to earlier iterations, one of YOLOvV5’s biggest advantages
over other YOLO versions is that YOLOV5 is more compact, offers greater pre-
cision, and is implemented in the open-source PyTorch framework. There are ten
distinct architectures are included in the YOLOv5 model, and they are known as
YOLOvHn, YOLOv5s, YOLOv5m, YOLOv5], YOLOv5x, YOLOv5n6, YOLOv5mG,
YOLOv516, and YOLOvV5x6 + TTA (Jocher, 2020a). However, most of the time
only the first five are taken into account for research: small, medium, large, and
extra-large [24].
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Figure 5.10: Tradeoff between various YOLOvH versions’ speed and accuracy and
EfficientNet.

Figure 5.5, which was taken from the GitHub repository of YOLOv) by Ultralytics,
compares the speed and accuracy of various versions of YOLOv5 and EfficientNet.
In general, as the curve rises and moves further to the left, it gets faster and more
accurate.
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5.2.1 Results of YOLOvV5

Using a total of 4413 images which amounts to almost 50% of the available data
size. The YOLOv5 model was validated by 150 epochs and achieved a moderate
level of accuracy. There were 2 classes involved here mainly the “all” and “healthy”
and after the data was preprocessed the graphs show some of the results.
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Figure 5.11: Training Data Graphs
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5.3 EfficientNet

EfficientNet is a family of convolutional neural network architectures designed to
be highly efficient and accurate across a wide range of computer vision tasks. It
was introduced by [6] in 2019. The principal idea behind EfficientNet is to achieve
maximum performance while minimizing the computational resources required.
EfficientNet’s architecture is based on a compound scaling method that systemat-
ically balances factors like depth, width, and resolution. These three factors are
scaled in a systematic way to create models of different sizes [8].

Convolutional neural networks are scaled up so that we can achieve better accuracies.
According to the author of [6], by adding additional layers the ResNet18 model can
be expanded into ResNet200. This scaling technique generally enhances accuracy
but traditional methods for scaling models tend to be somewhat arbitrary. Few
models expanded in terms of depth, others in terms of width and some simply take
larger images as input to improve results. Unfortunately, these random scaling
approaches require manual adjustment and substantial human effort.

Unlike other convolutional techniques, EfficientNet introduces an effective approach
to scaling CNN models to achieve better accuracy and efficiency. It suggests a
method known as the “compound coefficient” to scale models. This approach scales
all three dimensions: depth, width, and resolution uniformly.

A detailed breakdown of the EfficientNet architecture is given below:

The concept of compound model scaling involves a thorough examination of how
different scaling techniques impact a model’s performance and efficiency. While
scaling individual dimensions can enhance model performance, achieving a balance
across all three dimensions, width, depth, and image resolution considering the
available computational resources is the key to overall performance improvement.
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Figure 5.12: Compound Scaling

The compound scaling approach involves maintaining a consistent ratio while scaling
the dimensions of width, depth, and resolution to achieve a balanced optimization.

The underlying assumption for these networks is that with larger input images, it’s
necessary to add more layers to expand the receptive field and increase the number
of channels to effectively capture complex patterns present in these larger images
[21]. Additionally, the compound scaling technique has proven to be beneficial, en-
hancing the efficiency and accuracy of preceding CNN models such as MobileNet
and ResNet. The compound scaling method outperforms the efficiency and accu-
racy of earlier CNN models like MobileNet and ResNet, resulting in approximately
1.4% and 0.7% improvement in ImageNet accuracy compared to alternative random
scaling techniques.
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Figure 5.13: EfficientNet Architecture

Compound scaling optimizes accuracy and FLOPS in neural architectures without
altering internal layer operations. The EfficientNet-B0, a mobile-size baseline net-
work, employs the mobile inverted bottleneck MBConv as its key building block,
featuring the inverted residual block and an additional SE (Squeeze and Excitation)
block.

The MBConv aims to enhance information flow in deep neural networks by utilizing
an inverted pattern compared to regular residual blocks. The channel progression
in a normal residual block is wide — narrow — wide.

Figure 5.14: Residual Block

On the other hand, an inverted residual block, it’s narrow — wide — narrow. This
inversion is crucial for efficiency and adaptability in CNNs.
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Figure 5.15: Inverted Residual Block

MBConv achieves this through Depth-wise Separable Convolution: widening chan-
nels with a 1x1 point-wise convolution, followed by a 3x3 depth-wise convolution
to significantly reduce parameters, and finally reducing channels with another 1x1
convolution for addition at the block’s start and end.

The SE block, a component for CNNs, dynamically recalibrates feature interde-
pendencies by assigning higher weights to important channels instead of equally
weighting all channels.

- . P - - . - - h 4 .
Convolutional Dense Relu Dense Sigmoid Scale Add
Layer Layer Layer

Figure 5.16: Architecture of an SE Block

After that, EfficientNet integrates the SE block with the MBConv block to improve
channel-wise interactions, resulting in an efficient and adaptable neural network
structure.

Input » Conv 1x1 Deplinnke SE Add
conv 3x3

| e

Figure 5.17: Architecture of an MBconv Block
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5.3.1 Testing
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Figure 5.18: Loss and Accuracy Graphs

Here we see a steady decline of the validation loss as the training loss also heads for
a steady decline.

5.3.2 Results of EfficientNet

Epoch Loss Accuracy V_loss V_acc LR Next LR Monitor % Improv Duration
1 /2 5.100 82.806 3.46033 74.984 0.00100 0.00100 accuracy 0.00 4617.48

2 /2 2.382 89.895 1.78496 89.243 0.00100 0.00100 accuracy 8.56 4567.32
training elapsed time was 2.0 hours, 33.0 minutes, 11.10 seconds)

Figure 5.19: Epoch Wise Results of EfficientNet

The above diagram shows the class loss and the accuracy values as the model is
being trained. We can see the accuracy reach a staggering 89% accuracy after just
the 2nd epoch.

54 YOLOv7

YOLOvV7, alternatively referred to as ” You Only Look Once version 7,” demonstrates
improvements in instant object detection techniques, building upon the achieve-
ments of its predecessors [26].

The procedure of YOLOvT [30] begins by preparing the data. A dataset with pic-
tures that have marked regions is very crucial for properly training the model. This
data gathering must precisely portray the things you intend to recognize.

In terms of the arrangement, YOLOvVT utilizes a packed convolutional neural net-

work (CNN) as its primary structure [27]. The choice of CNN architecture, such as
Darknet or CSPDarknet53, has a significant impact on how well the model performs.
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Adjusting the size of the model is another crucial aspect in YOLOvVT. It offers flexi-
bility by providing different options in terms of model sizes, such as small, medium,
and large, allowing users to strike a balance between accurate detection and quick
processing in live situations.

To improve the detection of objects, YOLOvT7 utilizes the grouping of anchor boxes.
The dataset’s precise predictions are enhanced by grouping the actual bounding
boxes together to determine appropriate sizes and shapes for the anchor boxes.

The basic design of YOLOvV7 often involves enhancements like feature pyramid net-
works (FPN) or PANet. These components help in capturing qualities of items at
various dimensions, resulting in improved accuracy in detection.

Having a well-defined loss function is highly crucial during training, typically involv-
ing a combination of localization loss (such as the average of squared differences)
and classification loss (such as cross-entropy). This defeat guides the modification
of the model’s heaviness during both frontward and backward movements.

Education necessitates a variety of procedures such as information augmentation,
elimination, and modification of the rate of acquiring knowledge. These techniques
assist in enhancing the model’s performance on the dataset, enabling it to excel in
identifying objects.

During forecasting, YOLOvVT operates in real-time. It employs a grid with a fixed
dimension that shifts through the given image, making estimations for enclosing
rectangles, probabilities of classes, and level of certainty for each grid block.The
architecture of YOLOVT includes various important elements.

YOLOvT [30] depends on a deep CNN main part such as Darknet or CSPDarknet53
to gather hierarchical characteristics from input images.

Certain variations incorporate a neck structure, like FPN or PANet, that combines
characteristics from various levels to improve the identification of objects with dif-
ferent dimensions.

This section of YOLOvVT consists of several layers that are in charge of foreseeing
bounding boxes and categorization likelihoods. It produces forecasts for anchor
boxes at various sizes.

YOLOvVT uses anchor boxes to estimate the sizes and shapes of objects. These an-
chor boxes are defined by grouping of actual bounding boxes.

The ultimate result includes boxes, category names, and certainty ratings for iden-

tified items. After the initial processing, additional steps such as non-maximum
suppression (NMS) are used to improve the accuracy of the outcomes.
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5.4.1 Results of YOLOvV7

gpu_mem box obj cls total labels img_size
11.6G 0.02593 0.005461 0.01012 0.04151 18 640: 245/245 [03:26<00:00, 1.19it/s
Class Images Labels mAP@.5 .5:.95: 100% 62/62 [00:35<00:00, 1.77it/s]

P R
all 1976 1973 0.455 0.877 0.483 0.227

gpu_mem box obj cls total labels img_size
11.6G  0.02297 0.005323 0.008743 0.03704 26 640: 245/245 [03:26<00:00, 1.19it/s
Class Images Labels P R mAP@. 5 .5:.95: 100% 62/62 [00:34<00:00, 1.78it/s]
all 1976 1973 0.45 0.91 0.526 0.254

gpu_mem box obj cls total labels img_size
11.6G 0.02451 0.005478 0.008308 0.0383 27 640: 245/245 [03:27<00:00, 1.18it/s
Class Images Labels P R mAP@. 5 .5:.95: 100% 62/62 [00:35<00:00, 1.76it/s]
all 1976 1973 0.484 0.838 0.484 0.238

gpu_mem box obj cls total labels img_size
11.6G 0.02334 0.005367 0.008215 0.03692 18 640: 245/245 [03:26<00:00, 1.19it/s
Class Images Labels P R mAP@.5 .5:.95: 100% 62/62 [00:34<00:00, 1.79it/s]
all 1976 1973 0.47 0.851 0.52 0.259

gpu_mem box obj cls total labels img_size
11.6G  0.02326 0.005342 0.007972 0.03657 22 640: 245/245 [03:27<00:00, 1.18it/s
Class Images Labels P R mAP@. 5 .5:.95: 100% 62/62 [00:38<00:00, 1.62it/s]
all 1976 1973 0.475 0.836 0.48 0.232
all 1976 1360 0.638 0.963 0.654 0.326
healthy 1976 613 0.313 0.709 0.306 0.138

Figure 5.20: Epoch Wise Results of YOLOvT

Here, we see that the YOLOv7 model, despite being a much more advanced version
of the YOLOv5 model, performs quite poorly. However, a significant reason for this
might be the massive difference in the number of epochs used in each case of the
YOLO models.
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Chapter 6

Comparison and Final Analysis

Model Accuracy and Precision
YOLOvV5 0.82 (precision)
YOLOv7 0.52 (precision)
CNN 0.74 (precision)
EfficientNet 0.89 (accuracy)

Table 6.1: Model Wise Accuracy and Precision

6.1 YOLOv5

1. Precision (Accuracy in object detection): 0.82

2. Observations:
e YOLOVS5 is known for its speed and accuracy in real-time object detection.

e The precision of 0.82 suggests that it is effective in identifying leukemia cells,
but there is room for improvement.

3. Possible Reasons for Performance:

e When it comes to fine grained object detection, this might not be the best of
models to use.

e Perhaps the data augmentation used here was not optimized for Leukemia cell
classification

6.2 YOLOvT

1. Precision: 0.52

2. Observations:

e YOLOVT seems to have a lower precision than YOLOVS5.
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e The precision score might indicate that this model has more false positives or
misses.

3. Possible Reasons for Performance:

e The dataset might be the factor here, since this is a rather unconventional set
of images we have and the YOLOv7 model might have an issue here.

e The YOLOv7 was only trained for 10 epochs while the YOLOv5 for 150 epochs.

6.3 CNN (Convolutional Neural Network)

1. Accuracy: 0.77
2. Precision: 0.74

3. Observations:

e A much known model is the CNN model which has not disappointed us in any
stretch of the imagination and performed quite decently.

e This model has the ability to identify and isolate important features for leukemia
cell detection.

4. Possible Reasons for Performance:

e CNNs are usually quite effective in such tasks.

e The hyperparameters might have very well played an important role here.

6.4 EfficientNet

1. Accuracy: 0.89
2. Observations:

e EfficientNet performs the most impressively among all of the models used.
e This model is quite well known for it’s efficiency, as it’s name suggests.

e The model is somehow quite suited for this specific kind of dataset.
3. Possible Reasons for Performance:

e EfficientNet is designed such that the computational load is at a minimum
while the performance is not being compromised.

e Transfer learning might be one of the fundamental reasons for it’s success.

e Data augmentation could have made the model even more accurate.
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6.5

6.6

General Insights

The fundamental choice of whether we use an older or a much more advanced
model does matter as we see in the case of using EfficientNet.

No matter how good the model is, the data we feed into it is what dictates
it all, well preprocessed data and it being of good quality is key to a model’s
performance.

Data augmentation, if properly applied, can exaggerate the performance of
certain models such as these.

YOLO models are more used for object detection rather than classification
and hence might require certain adjustments for such tasks.

Class loss, precision and accuracies are metrics that must be carefully observed
and controlled to the best of our capacity to ensure the best of results.

A test of our own

After we ran all the models we used our base CNN model and changed some
of it’s parameters to demonstrate and understand the nature of the data.

We introduced an extra dense layer into the architecture and tried working
with that model but to our surprise after running for 8 epochs we gained a
validation accuracy of 0.4766 which is significantly lower than the previous
model.

We can conclude from this that while using the CNN model the increasing of
neurons is not a factor that necessarily affects the accuracy of the model for
our dataset.

11s/step : 0. accuracy: 0. val_loss: 0. val_accuracy:
10s/step : 0. accuracy: 0. val_loss: 0. val_accuracy:
10s/step 1 0. accuracy: 0. val_loss: 0. val_accuracy:
10s/step 1 0. accuracy: 0. val_loss: 0. val_accuracy:
10s/step : 0. accuracy: 0. val_loss: 0. val_accuracy:

10s/step : 0. accuracy: 0. val_loss: 0. val_accuracy:

10s/step 1 0. accuracy: 0. val_loss: 0. val_accuracy:

10s/step accuracy: val _loss: 0. val _accuracy:

Figure 6.1: Epoch Wise Results of Modified CNN

34



Chapter 7

Conclusion

7.1 Conclusion

This research sheds light on the intricate details, ramifications, and potential for
further advancement of the detection and classification of leukemia in peripheral
blood cell images using neural networks. We used a dataset from Kaggle, a well-
known website for data science and machine learning enthusiasts, for our investiga-
tion and analysis of the blood cells. We investigated the subtle relationships and
patterns that existed in the data using this substantial dataset, producing insightful
findings and expanding our understanding. We applied these algorithm for detec-
tion and classification. This study has successfully identified leukemia cells using the
strength of neural networks and computer vision techniques, improving the efficiency
and accuracy of diagnosis. Although there has been a noticeable improvement in
accuracy, there is still room for improvement. In order for the models to classify
various types of leukemia using the data, we plan to expand our dataset in the
future. Additionally, use vision transformers and model fusions to try to improve
accuracy. We also plan to employ a federated strategy in the long run. But the
overall analysis of the various models used shows the scope for more research and
understanding that is yet to occur.
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