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Abstract: The most prevalent pediatric blood malignancy is acute 

lymphoblastic leukemia (ALL). ALL is a lethal disease in which patients 

have a lower survival rate. Its prompt detection and precise categorization 

are essential for successful treatment.  Manual microscopic diagnosis is 

laborious, prone to mistakes, and heavily reliant on specialized knowledge.  

With stratified 7-fold cross-validation, which assures an equal ratio of normal 

and malignant cells in each fold, this research provides an enhanced VGG-

19-based deep learning model for reliable binary categorization of leukemic 

vs normal cells to overcome the drawbacks of the manual detection 

procedure. For this study, the C-NMC leukemia dataset used comprises 

single-cell images of normal (HEM) and cancerous (ALL) types. For the 

binary classification test, transfer learning was utilized by keeping the initial 

convolutional layers of the pre-trained VGG-19 model and swapping out its 

last few layers. This resulted in an accuracy of 98.87%, a sensitivity of 

98.97%, 98.82% specificity, 99.68% precision, and an F1-Score of 99.23%.  

The outcomes demonstrate how well the model handles morphological 

differences and class imbalance in leukemic cell images. In addition, the 

proposed model also outperformed the other pre-trained neural networks, 

viz., ResNet-18, ShuffleNet, and GoogleNet, in terms of accuracy. 

Keywords: Leukemia, VGG-19, Stratified K-fold Cross-Validation, Acute 

Lymphoblastic Leukemia, Deep Learning, Detection 

 

Introduction  

A hematological illness, leukemia is defined by a 

rapid expansion of aberrant white blood cells. 

According to the National Cancer Institute, an 

estimated 66,890 new instances of cancer disease are 

expected to be diagnosed in 2025, making up roughly 

3.3% of all new cases of cancer.  Furthermore, it is 

anticipated that this form of cancer will be responsible 

for roughly 23,540 deaths, or 3.8% of all cancer-related 

deaths, as per the National Cancer Institute, USA. It 

can be recognized manually and using standard 

techniques.  The manual method typically takes a long 

time, and the quality of the camera, the pathologists' 

experience, fatigue, and many other factors can 

sometimes change the results.  In order to address these 

problems, digital microscopic analysis of blood smear 

images utilizing deep learning (DL) techniques has 

made it possible for data to be automatically identified 

and analyzed (Fatichah et al., 2012).  Compared to 

manual alternatives, these methods are more 

dependable, quick, economical, and effective. 

Leukemia is mostly caused by a lack of leukocyte 

production, which is also known as white blood cells.  

Two distinct types of WBCs, Lymphocytes and 

myeloid, are distinguished by the manifestation of their 

cytoplasm (Glenn et al., 2019) and are responsible for 

Lymphocytic Leukemia and Myeloid Leukemia.  
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(a)         (b) 

Fig. 1. Types of Leukemia 

Table 1. The Characteristics of Various Leukemia Types 

Characteristics ALL AML CLL CML 

Cause 

Due to neoplastic and 

abnormal development of B 

cells or T cells 

The formation of 

adolescent monocyte 

cells in the blood 

 

The rise in the 

progression of B-cell 

lymphocytes 

 

Population of 

granulocytic exhibits 

because of the 

genetic mutation in the 

bone marrow's DNA 

Variants 

L1, L2 and L3 

(FAB) 

(French American British) 

OR 

B-Cell and T-Cell WHO 

(World Health Organization) 

 

M0, M1, M2, M3, 

M4, M4eo, M5a, 

M5b, M6, and M7 

B-cell and T-cell CLL 

and   prolymphocytic 

leukemia 

 

PHASES: chronic and 

accelerated 

Impacted People 

Children under the age of 5 

and adults above 

50 

People around 68 or 

above 

Most often diagnosed 

in older adults (an 

average age of 70), 

and extremely rare 

among individuals 

under 40 

 

The highest incidence 

is in adults, especially 

those aged 40 to 60 

Statistical Details 

Among children and people 

under the age of 20, this kind 

of leukemia is common, 

making up 75% of total 

leukemia cases 

Accounts for about 

1% of all cancers 

It accounts for 25% of 

newly diagnosed 

leukemia instances and 

is mainly found in 

individuals over the 

age of 19, making up 

38% of all leukemia 

diagnoses 

 

Around 9560 (15% of) 

new instances detected 

yearly 

Survival Rate 

(around 5-years) 

About 65% individuals can 

survive with this for five years 

People below 65 years 

have around 25% 

chances whereas 

above 65 years have 

only 2% chances 

Patients with CLL 

has a 5- year relative 

survival rate of more 

than 92% 

 

90% chances to survive 

for 5-years after 

diagnosis 
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Lymphocytic and myeloid leukemia can be further 

subcategorized as acute and chronic. In acute leukemia, 

the abnormal cells grow rapidly, whereas in chronic 

leukemia, the growth rate of malignant cells slows 

down (Mittal et al., 2022). So, on the basis of these two 

factors, there are basically four types of leukemia, 

namely, Acute Lymphocytic Leukemia (ALL), Acute 

Myeloid Leukemia (AML), Chronic Lymphocytic 

Leukemia (CLL) and Chronic Myeloid Leukemia 

(CML) as shown in Fig. (1).  Fig. (1) (a) presents two 

types of lymphocytic leukemia, and Fig. (1) (b) shows 

two types of myeloid leukemia. Characteristics of each 

leukemia category are presented in Table (1). 

Acute Lymphocytic Leukemia (ALL), which is also 

identified as lymphoblastic leukemia or lymphoid 

leukemia. With over 25% of pediatric cancer cases 

being Acute Lymphoblastic Leukemia (ALL). Children 

under the age of five have the highest risk of 

developing ALL (Patel et al., 2024). The risk gradually 

drops until the mid-20s and then gradually rises once 

more near the age of 50.  Approximately four out of ten 

ALL occurrences occur in adults. The severity can be 

judged by the statistics which state that each year, 

around 6,100 new instances of ALL are diagnosed, with 

approximately 3,450 cases occurring in the male 

category and 2,650 cases in the female category. About 

1,400 individuals die with ALL each year, with 720 of 

those fatalities occurring in men and 680 in women, in 

spite of advancements in therapy according to the 

American Cancer Society. Timely therapy greatly 

increases the prospects of recovery and long-term 

survival; therefore, early and accurate diagnosis is 

essential for ALL. Timely therapy greatly increases the 

prospects of recovery and long-term survival; 

therefore, early and accurate diagnosis is essential for 

ALL. 

Fever, exhaustion, joint pain, bruises, infections, 

rapid weight loss, swelling of the lymph nodes, patches 

on the skin, breathing difficulties, bone soreness, and 

paleness are a few common symptoms of leukemia. 

However, these symptoms can also be signs of other 

physical disorders. The subtle nature of these indicators 

makes it challenging to diagnose leukemia in its initial 

phase, which becomes a challenge for hematologists 

and medical professionals. 

Analysis of Peripheral Blood Smear (PBS) images 

with the aid of a microscope is one of the most popular 

and less expensive procedures being used by 

hematopathologists to identify whether the cells are 

benign or leukemic. Experts may employ other tests to 

identify leukemia, such as Complete Blood Count 

(CBC), Flow Cytometry, biopsy of bone marrow 

sample, lumbar puncture, and Fluorescence in Situ 

Hybridization (FISH), etc.  

Manual diagnostic procedures for leukemia present 

several significant concerns. First, the subjective 

nature of these methods can lead to inconsistent results, 

the same blood sample may yield different findings 

when assessed by different physicians, particularly if 

they have been trained under varying assessment 

methodologies. Moreover, diagnostic accuracy can be 

compromised by human factors such as fatigue, illness, 

or other cognitive stressors, which may hinder a 

physician's ability to precisely identify leukemia 

subtypes. 

In addition to reliability issues, manual techniques 

are often inefficient and costly. The evaluation process 

tends to be time-consuming, delaying diagnosis and 

treatment planning. Furthermore, many of the required 

laboratory tests are prohibitively expensive, which can 

limit access to timely and accurate diagnostics, 

particularly in resource-constrained settings.  

Nowadays, researchers are involved in the 

automation of computer-aided leukemia detection 

utilizing DL algorithms. Because deep neural networks 

are capable of extracting intricate structures from data, 

they are now well-suited for image classification and 

segmentation applications. Automated machine 

learning (ML) and deep learning-based models can 

quickly and accurately identify the abnormality in the 

specific type of cells with an accurate number of blasts, 

which can be helpful to hematopathologists in the 

detection and classification of leukemic cells, which is 

necessary for the proper treatment and, in this way, 

contribute to saving human lives. 

     This study utilized single-cell blood smear 

images. The proposed model was developed using an 

optimized VGG-19 architecture, trained and evaluated 

with stratified 7-fold cross-validation. The 

methodology included essential preprocessing steps 

including image resizing, normalization, augmentation, 

and cleaning. The performance of the proposed model 

was benchmarked against three other pre-trained 

convolutional neural networks: ResNet-18, ShuffleNet, 

and GoogleNet. 

Literature Review 

Several research works have been thoroughly 

reviewed in this section to identify leukemia and its 

subtypes. These studies have examined blood smear 

images using various ML and DL techniques. 
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Kadhim et al. (2023) suggested a convolutional 

neural network (CNN)-based model for the detection of 

leukemia. They have used ALL-IDB1 dataset. The 

model achieved an accuracy of 98% to differentiate 

malignant cells from normal cells. The proposed model 

categorized cancerous cells among “multiple myeloma 

(MM), acute myeloid leukemia (AML), and acute 

lymphoblastic leukemia (ALL) cells”. Baig et al. 

(2022) have used two CNN networks, CNN-1 and 

CNN-2. Researchers have used the dataset of 4150 

images. The bagging ensemble classification technique 

was employed and achieved 97.4% accuracy. 

Similarly, Kalaiselvi et al. (2020) employed a model. 

The model was based on Modified Convolution Neural 

Networks (CNNs). The modified CNN was used to 

optimize the categorization process of leukemia into 

four categories AML, ALL, CML and CLL. The model 

utilized the dataset of around 10,000 blood smear 

images and obtained 98% accuracy. Setiawan et al. 

(2018) employed a support vector machine classifier to 

accurately identify M4, M5, and M7. The model used 

the dataset of 1710 images. Arif et al. (2022) have also 

implemented CNN for the identification of leukemic 

cells. The researchers used two datasets- ALL-IDB1 

and ALL-IDB2, and obtained 98.05% accuracy. 

Likewise, Sahlol et al. (2020), implemented the 

VGGNet and acquired 87.90% accuracy for the 

classification of leukemia. 

Wang et al. (2019) implemented two leukocyte 

recognition methods, “Single Shot Multibox Detector 

and an Incremental Improvement Version of You Only 

Look Once”, and obtained “the best mean average 

precision of 93.10% and mean accuracy of 90.09%”. 

Park et al. (2024) suggested a DL-based model. This 

model could categorize blood smear images of 12 

distinct cell types. 42,386 single-cell blood 

smear images were used by the model. This model 

obtained an accuracy of 87.79% with EfficientNet-V2 

(B2) and “Chrono-SCA-ACNN (Chrono-Sine Cosine 

Algorithm-based actor-critic neural network)”. 

Subsequently, the leukemia was detected by applying 

the chosen features to the suggested classifier on the 

ALL-IDB2 database (Jha & Dutta, 2020). This 

approach obtained an accuracy of 99%. A DL 

framework for differentiating between healthy and 

malignant cells was presented by Mourya et al. (2018). 

The name of the model was Leukonet. Leukonet was a 

hybrid architecture that combines CNN with “discrete 

cosine transform (DCT)” characteristics.   In order to 

assess Leukonet, 312 cancer cell images and 324 

healthy cell images were included in the test results.  

This obtained an accuracy of 89.70% for the cancer cell 

class. Arivuselvam et al. (2022) proposed a model, 

which is based on CNN-based Deep Learning (DCNN), 

for identifying leukemia categories. In this work, 

DCNN worked as a feature extractor. The researcher 

employed "adaptive gamma correction based on 

histogram" equalisation, along with assisted filtering, 

to analyse the enhancement in intensity while 

maintaining the important details of the images.  

An effective technique for the detection of CLL was 

created by (Sivalingam et al. 2022). In this model, 

fuzzy and cuckoo search-based filters were used for 

preprocessing the images to remove noise and artefacts. 

To create the segments from the pre-processed blood 

smear images, deep fuzzy clustering was used for cell 

segmentation. Using Random Multimodal Deep 

Learning (RMDL), CLL was discovered. Using the 

suggested Jaya-Competitive Swarm Optimisation 

(Jaya-CSO) algorithm, RMDL training was carried out. 

The study proposed by Surya et al. (2021) used the 

ALL-IDB2 dataset for the detection of ALL.  

Following image preprocessing, AlexNet was used for 

both feature extraction and classification. Transfer 

learning was utilised by Vogado et al. (2018) to extract 

features from images for categorisation.  The 

characteristics chosen for the Support Vector Machine 

classifier were based on their gain ratios, and the 

authors investigated three CNN frameworks.  The 

suggested model did not require a segmentation 

process and categorised images with features generated 

from different image datasets.  

Narayanan et al. (2025) implemented a hybrid 

classifier on the dataset of 8637 to identify and classify 

ALL. Ouyang et al. (2021) suggested a CNN for object 

detection and instance segmentation. It mixes a pre-

trained model with a model that was created from 

scratch.  The selection of instance segmentation was 

based on its ability to tolerate a certain amount of cell 

overlap and its average precision of 62.5% and recall 

of 84.1%. In order to concurrently collect global and 

local attributes, Mathur et al. (2020) introduced a 

unique architecture called the Mix-up Multi-Attention 

Multi-Task Learning Model (MMA-MTL). Similarly, 

the two-stage artificial neural networks along with the 

Particle Swarm Optimisation approach were proposed 

by (Agustin et al., 2021). The purpose of the model 

was to categorise the immature WBCs in patients with 

ALL.  Binary classification of lymphoid cells in the 

first stage and binary classification of lymphoblast 

cells in the second stage were both included in the 

suggested method and achieved accuracy of 86.92%. 

Acharya et al. (2023) proposed a model to classify 

subtypes of AML.  Authors used Random Forest (RF) 
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classifier to categorize AML into subtypes. The 

morphologic characteristics of leukemic blasts, 

including Auer rods, and cytoplasm, were retrieved. 

Two datasets - ALL-IDB and Cell Vision were 

combined and used by (Sipes & Li, 2018). Researchers 

developed a three-layer CNN by adding a 

convolutional layer, ReLU, and pooling layers to the 

two-layer NN-1 architecture for the classification.   

This information provides a strong basis for 

recommending advanced CNN-based models for the 

detection and classification of leukemia, which have 

better generalization, greater accuracy, and practical 

application. 

Materials and Methods 

Proposed Method 

      The suggested model has been developed using 

optimized VGG-19 framework. The purpose of the 

proposed method is to classify single-cell blood smear 

images of the CNMC Leukemia dataset as either healthy 

(HEM) or cancerous (ALL) cells.  The suggested 

ensemble model automatically learns the features needed 

for image classification during training by analyzing the 

images and then classifies the images as depicted in Fig. 

(2). 

 

 
 

Fig. 2: Flow of Proposed Model 

Data Repository 

Image acquisition is the initial phase of image 

processing. This entails acquiring the unprocessed data 

in the image format, which serves as the basis for all 

further processing stages. For this research, we have 

used the C-NMC Leukemia dataset of blood smear 

images that comprises a total of 15114 images of 

basically two types: normal (HEM) and cancerous 

(ALL), available on Kaggle’s website. These single 

cell blood smear images were obtained from total 118 

individuals and categorised into three distinct folders 

called "C-NMC training data" (10661 cells, 7272 

cancerous cell images from 47 patients, and 3389 

benign single cell images from exact 26 individuals); 

"CNMC test preliminary phase data" (1867 images, 

1219 malignant cell images from 13 patients, and 648 

healthy cell images from 15 individuals); and "C-NMC 

test final phase data" (2586 images from 17 

individuals) as shown in Fig. (3). 

The proposed model is trained on an unlabeled 

dataset. The training, validation, and testing datasets of 

the CNMC Leukemia dataset are imbalanced. In this 

research, a training dataset comprising 10661 cell 

images was used. Out of which, 3389 are normal cell 

images, whereas 7272 are malignant images. The 

division of both types of datasets was as follows: 70% 

for training, 15% for validation, and 15% for testing. 

Thus, for the normal (Hem) category, the model used 

2373 cell images for training, 508 images for validation 

and testing purposes, whereas 5090 cancerous cell 

images were used to train the proposed model, and 

1091 cell leukemic images were used to test and 

validate the suggested model, as shown in Fig. 4. 

 

HEM 

(Normal) 

(a) 

  

ALL 

(Leukemic) 

(b) 

  
 

Fig. 3: CNMC Leukemia Dataset Images 

 

Fig. 4: Division of Dataset 

Image Preprocessing Phase 

Preparing raw images for further evaluation is known 

as preprocessing. In order to make it simpler to extract 

pertinent features and carry out precise detection, this 
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phase attempts to improve image quality, eliminate noise, 

and normalize various image properties. 

Resizing Images 

To ensure uniformity in later processing stages, resize 

images to a standard size. Also, Images are commonly 

represented in deep learning as matrices of pixel data. 

Larger images might cause a bottleneck when processing 

with limited computational capabilities because they take 

more memory to store and process. An image's memory 

footprint can be decreased by resizing it to a smaller size, 

which facilitates manipulation. The image size of the 

training and validation dataset folders is 450 x 450 pixels, 

and the size of images for the testing data directory is 600 

x 600 pixels. The size of the training dataset images from 

the training folder is resized to 224 x 224 x 3 pixels. 

Normalization 

Data has been normalized at the second step, in which 

image pixel values are frequently centered to have a zero 

mean or normalized between 0 and 1 to ensure quicker 

convergence. This enhances the model's performance and 

reliability because every significant feature makes an 

equal contribution to the network's learning process. We 

have employed Z-score normalization and Eq. 1 to 

represent this as follows: 

Xn=
x-μ

σ
                                                            (1) 

Xn represents the normalized form of the data, which 

can be calculated by computing the standard deviation σ 

and mean µ of the PBS images. Then, centers the data 

around zero by subtracting the average of all the image's 

pixel values and eventually computes the data's variance 

by dividing it by the standard deviation of each pixel 

value. 

Image Augmentation 

      As deep learning is capable of processing ample data, 

some operations like rotation, scaling, and flipping are 

employed to produce additional images from the ones 

already present. This could contribute to the expansion 

and diversification of the dataset. This would eventually 

enhance the model's overall efficiency. This phase 

includes some methods, such as: 

 

a. Cropping and Scaling: Creating numerous 

renditions of an image by cropping a portion of 

it or altering its size. 

b. Flipping: To create new versions, flip an image 

in either a horizontal or vertical plane. 

c. Rotation: Rotation is the method of turning an 

image at a particular angle to create new 

representations of the source image. 

d. Adjustment of Brightness: It adjusts the 

brightness of the images. With different 

intensities of colours and brightness, a new 

version of images can be created. 

e. Shearing: Shearing is the process of altering an 

image along a specified axis. By doing so, it creates new 

copies of the image.      

Diminishing Noise 

Removing noise and blemishes from the image is an 

essential process because these may affect the training of 

the model and eventually alter the outcome. To do so, 

numerous methods can be used to improve the quality of 

the image. A few instances of typical methods are as 

follows: 

a. Sobel Filtering: It is one of the popular edge 

detection techniques. It is used to highlight areas 

where the image's intensity fluctuates or the 

margins of the image. Furthermore, it is also 

used to ascertain the gradient of the image 

intensity at every pixel.  

b. Thresholding: Thresholding is another effective 

technique for removing noise from images. It 

involves setting a threshold value that divides the 

image into background and areas of interest to 

reduce noise. 

Convolutional Neural Networks 

A type of artificial neural network that is utilized for 

processing and image identification is referred to as a 

convolutional neural network (CNN). CNNs are designed 

with the hierarchical organization of the human visual 

system in mind. CNN is responsible to learn features form 

the images and for this, CNN uses the concept of 

dimension reduction. Identifying patterns in images is a 

significant application of CNNs. By filter optimization, 

CNNs automatically acquire new features. Regularized 

weights with fewer connections help to alleviate problems 

that were common in previous neural networks, such as 

vanishing and exploding gradients. 

A collection of filters is combined with the input 

image in each layer of a CNN to create a set of activation 

maps that indicate which features exist in the image. After 

that, pooling layers minimize the activation maps to 

extract the most essential details while minimizing the 

volume of data. The visual representation of the flow of 

the deep CNN is illustrated in Fig. (5). The proposed 

model has been developed by the optimized VGG-19 

neural network.  
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VGG-19 Classifier 

Early in 2014, Simonyan & Zisserman (2014) from the 

University of Oxford in the United Kingdom proposed a 

pre-trained CNN model that is now known as the VGG 

network. 

 

Fig. 5: Architecture of CNN 

     VGG (Visual Geometry Group) used the ImageNet 

ILSVRC dataset for training. Improved feature extraction 

and the utilization of maxpooling to downsample former 

classification using the SoftMax activation function are 

made possible by the model's highly linked convolutional 

and fully-connected layers.  Fig. (6) depicts the VGG-19 

architecture. 

VGG-19 comprises a total of 19 layers, which 

include 16 convolutional layers, five max pooling layers, 

which are followed by three fully connected layers and a 

softmax layer for the classification at the end. All 16 

convolutional layers are arranged in five different groups. 

Each groups are separated by a maxpool layer. When the 

input image is reduced by two, it is the responsibility of a 

maxpool layer to increase the number of filters by two in 

the convolution layer.  

The input layer of the VGG-19 architecture 

receives an image with the dimensions of 224 × 224 × 3. 

Then, the input image is passed through a number of 

convolutional layers, each of which applies a number of 

filters (Sudha & Ganeshbabu, 2021). After this, it is 

followed by the application of a rectified linear unit 

(ReLU). ReLU is an activation function that is responsible 

for providing the non-linearity.  

VGG-19 model employs max-pooling layers. 

These layers follow a sequence of convolutional layers. 

Max pooling layers are responsible for minimizing the 

spatial dimensions of the feature maps. Each time the 

feature map is applied, its size becomes half of the 

previous one, due to the normal pooling size of 2x2 with 

a stride of 2. This is known as downsampling. 

Downsampling makes the network more efficient while 

maintaining key features. This helps to reduce 

computational time and also helps to avoid the issue of 

overfitting. Then, to make the network resilient to spatial 

alterations to input images, pooling layers lower the 

variance of translations. 

Eventually, the final maxpool layer sends the output to 

fully connected layers that perform the final classification 

procedure. Despite its size and computational demands, 

the model exhibits exceptional performance in image 

classification. 

 

Fig. 6: Architecture of VGG-19 

 In the VGG-19 neural network, the convolutional 

layer follows the input layer, which is responsible for the 

generation of the output feature maps by organizing the 

input image or feature map with a collection of numerous 

filters (Ikechukwu et al., 2021). The input image passes 

through the first convolutional layer in VGG-19 using a 3 

× 3 kernel with a stride of 1 and 1 padding with 3 input 

channels. This can be expressed mathematically by Eq. 2:  

O(x,y,k) = ∑ ∑ ∑ I(x+i-2,y+j-2,c) .  W(i,j,c,k)+bk
 3
c=1

3
j=1

3
i=1      

(2)                                                              

Here, I represent the size of the filter, c indicates the 

number of input channels, P shows the padding for VGG-

19, and k is used to provide the information of the output 

channel index. 

An activation function known as a ReLU (Rectified 

Linear Unit) is applied after every convolution operation. 

It can be mathematically denoted as in Eq. 3: 

f(z) = max (0,z)                                                                   (3) 

Thus, it stays the same if z is positive.  If z is negative, 

0 is used in its place. 

It is followed by an activation function as shown in Eq. 4: 

A(x,y,k) = max (0, O(x,y,k))                                                (4) 

For down-sampling, max-pooling is employed. A fully 

connected layer is used to implement matrix-vector 

multiplication, as shown in Eq. 5: 
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O(i,j,c) = max 
0≤m<k

 max
0≤n<k

{I(s.i+m, s.j+n,c)}                               (5)    

Here, O is the output vector, whereas I is the input vector. 

k indicates the pooling window size, and s shows the no. 

of strides. 

Softmax layer is employed to execute the final 

classification, as given in Eq. 6: 

 S(zi)= 
ezi

∑ ezik
j=1

                                                                 (6) 

Here, k denotes the total number of classes, whereas the 

output from the last fully connected layer for a particular 

class i can be denoted by zi. 

Following the application of the softmax function in 

VGG-19, the output neurons’ highest probability value is 

used to assign a class label as the last stage of 

classification, as represented in Eq. 7: 

ŷ=arg max 
i∈C

Pi                                                                       (7) 

     VGG-19's deep architecture demonstrates 

effectiveness in analysing medical images, making it a 

good choice for cancer cell detection and classification, 

especially when applied to a dataset with two 

classes: benign and malignant. VGG-19 is capable of 

discovering complex features from images. Effective 

feature extraction is achieved through a consistent 

architecture that includes repetitive blocks of 

convolutional layers, ReLU (Rectified Linear Unit) 

activations, and pooling layers. This structure uses small 

3×3 convolution filters while ensuring computational 

efficiency. Under a microscope, distinguishing 

abnormal leukemic blasts from normal cells can be 

difficult since the two cells' appearances are identical. In 

such instances, the depth of VGG-19 facilitates the 

significant extraction of fine-grained texture, boundary, 

size, and shape information for cancer detection, where 

subtle morphological deviations distinguish healthy cells 

from malignant cells. 

Model Training  

     In this study, the VGG-19 neural network, which is 

well-known for image classification tasks, has been used. 

Setting up CNN's architecture is an initial step in 

developing a model. CNN design is typically composed 

of a number of different kinds of layers and modules, 

which are frequently customised to the particular 

application and data properties. First of all, the input layer 

retrieved the images with dimensions of 450 x 450 from 

the database and scaled them to 224 x 244 x 3. This step 

is crucial because the VGG-19 pre-trained model works 

on the images with a fixed dimension of 224 x 244 x 3. 

 

      The recommended classifier, VGG-19's convenience, 

has been taken into consideration when determining the 

image size. It is followed by the normalisation of images 

using the z-score method to create uniform images, along 

with an augmentation mechanism to elevate the count of 

the training dataset in order to boost the model’s 

performance. Afterwards, 7-fold cross-validation was 

implemented to avoid bias caused by the imbalanced 

dataset, and eventually, the implementation of optimised, 

fine-tuned VGG-19 was done to advance feature learning 

and classification.  

     In this way, this procedure increases the model's 

exactness and robustness. Thus, the model suggested for 

cancer cell detection and classification was optimised 

through various stages to guarantee robust performance of 

the proposed model. 

Hyperparameters Tuning 

      To train the model, the proposed approach used a 

batch size of 32, which implied that 32 images were 

processed in a single iteration. The number of epochs 

selected was 50. An epoch is a complete run of the whole 

training dataset through the neural network. The selected 

value indicates that the model underwent 50 epochs of 

training and traced the entire training dataset this many 

times. Value 50 is an appropriate count for the proposed 

model to learn about the different patterns of healthy and 

leukemic cells and then differentiate the cells properly. To 

regulate the step size for updating weights, an initial 

learning rate of 0.0001 was chosen. In the proposed 

model, Stochastic Gradient Descent (SGD) optimizer was 

employed for optimization purposes. SGD is an iterative 

optimisation technique that minimises an objective 

function, usually a loss function.  It is an efficient version 

of the classic Gradient Descent technique. It works 

effectively, particularly when working with big datasets.  

In each iteration, it uses a single, randomly chosen data 

point or mini-batch to approximate the gradient, which 

leads to frequent updates of model parameters such as 

weights and biases and lessens computation time.  

     In DL, the purpose of a loss function is essential to 

neural network training and optimisation. It functions as a 

measurable indicator of the difference between the 

outcome that a model forecasts and the output that is 

actually obtained. By considering this, the binary cross-

entropy loss function was implemented, which compares 

the probability value 0 and 1 for each class, generated by 

the classification model. This loss penalizes the 

anticipated probability y's deviation from Eq. 8, which 

defines its target probability distribution, x.                                                                                                                                          

L= ∑ y
i
log (ŷ

i
)n

i=1                                                                 (8) 

Where, n is the total number of classes, yi is the actual 

label and ŷi is the class ‘s predicted probability. 
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Transfer Learning and Fine-Tuning Strategy 

In the context of transfer learning with CNNs, a 

common and effective training policy involves modifying 

the final layers of a pre-trained network to adapt it to a 

new classification task. In this research, the last three 

layers of the VGG-19 network have been replaced with 

new layers, namely, a fully connected layer, softmax, and 

classification layer, specially customized for the 

classification of two C-NMC Leukemia dataset groups, 

normal (HEM) and malignant (ALL). 

     The two parameters WeightLearnRateFactor and 

BiasLearnRateFactor were set to a higher value of 10 in 

order to speed up the learning of the newly implemented 

layers.  These variables essentially let the new layers 

update their weights more quickly than the previously 

trained layers by acting as multipliers to the base learning 

rate. Faster convergence and more efficient learning of 

dataset-specific characteristics are made possible by this 

modification, which enabled the model to apply a higher 

effective learning rate to the new layers.  Since freezing 

of earlier layers was not performed in this study, the 

VGG-19's earlier layers maintained their pre-trained 

weights, protecting generalised visual features acquired 

from huge datasets.  In this way, the model gains from 

both past knowledge and task-specific adaptation through 

the amalgamation of transfer learning and fine-tuning, 

which enhances classification performance and 

also allows the model to achieve high accuracy with very 

little overfitting, even on a small, imbalanced dataset. 

Stratified 7-fold cross-validation 

     A stratified cross-validation strategy has been 

implemented in the proposed model which utilizes 

imbalanced classes for normal and ALL cells, because it 

is helpful in assessing a model's performance, particularly 

when working with unbalanced datasets. For cross-

validation, it entails dividing the dataset into several folds, 

also known as subsets, and sustaining the initial class 

distribution in each fold. This indicates that the percentage 

of samples of each class in each fold is roughly equal to 

that of the overall dataset. For instance, each stratified 

cross-validation fold will almost retain the 80-20 

proportion in a binary classification task with 80% benign 

and 20% cancerous samples.  Because it enables the 

model to learn and be fairly assessed across all classes, 

this method is essential in medical datasets or any other 

domain where class imbalance arises. 

In k-fold cross-validation, the number of folds is 

chosen by balancing bias, variance, and computational 

expense. Because each training subset is small compared 

to the entire dataset, using too few folds (e.g., 3 or 5) can 

increase bias in performance predictions. On the other 

hand, an excessive number of folds (e.g., 10 or more) can 

decrease bias, but they also raise the deviation of the 

estimate, computational time, and cost because the model 

needs to be trained and verified several times. 

 7-fold cross-validation was chosen for this 

research as an appropriate compromise between these 

issues. 7-fold offers enough test folds to give a consistent 

and trustworthy estimate of performance, as well as large 

enough training subsets in each iteration to enable 

efficient model learning and minimise bias. 7-fold, as 

opposed to 3 or 5, lessen the possibility of overfitting to 

any specific subset and better capture data variability. 

Additionally, 7-folds cross-validation is less 

computationally demanding than 10-fold cross-

validation, which makes the training process more 

feasible.  

The proportions of normal and cancer cell images 

remain the same in each fold due to the stratified nature 

of the dataset.  Around 72 normal cell images and 156 

malignant images were included in each test set. The 

average of the outcomes from each of the seven folds 

yields the final result.  

In conclusion, 7-fold offers a solid balance between 

optimising training data, helps minimize bias brought on 

by particular data splits, and guarantees equitable, 

representative evaluation on a variety of subsets in the 

employed C-NMC leukemia dataset, where data 

availability is constrained and each sample is important. 

Hardware Specification  

    Training and testing of the suggested approach was 

carried out on an AI supercomputer, the "NVIDIA DGX 

Station with four NVIDIA A100 Tensor Core GPUs and 

40GB of RAM each" using the software MATLAB 

2024a.  

Evaluation Metrics 

Following training, an analysis of the model's overall 

performance is conducted on the testing dataset to assess 

the efficacy of the suggested model.  The most common 

performance parameters, such as accuracy, sensitivity, 

specificity, precision, and F1-Score, have been used in the 

evaluation. The statistics required to calculate any 

suggested system's success rate are provided by the 

equations below. 

accuracy= 
TP + TN

TP+ FP +TN + FN
                                               (9) 

sensitivity/recall=
TP

TP+ FN
                                                (10)          

specificity=
TN

TN+ FP
                                                        (11) 

precision=
TP

TP+ FP
                                                         (12) 
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f
1
score=

2×TP

(2×TP)+FP+ FN
    

                                                                         (13) 

Results and Discussion  

Using blood smear images, the proposed model has 

been developed by combining the concept of stratified 7-

fold cross-validation, which shows how robust and 

reliable it is at differentiating between normal and 

cancerous cells.  

In four out of five assessment metrics, the suggested 

model outperforms popular pre-trained networks, 

including ResNet-18, ShuffleNet, and GoogleNet as 

shown in Table (2). 

With a noteworthy accuracy of 98.87%, the suggested 

model outperforms ResNet-18 (98.75%), ShuffleNet 

(97.24%), and GoogleNet (98.56%).  This shows that 

because the stratified cross-validation strategy guarantees 

a balanced class distribution and minimises model bias, 

the optimised VGG-19 generalises well over a variety of 

data folds. 

With a sensitivity of 98.97%, the recommended 

approach outperforms ResNet-18 (98.80%), ShuffleNet 

(97.34%), and GoogleNet (98.25%). This illustrates how 

well the model can identify samples that are cancerous, 

whereas the model's competitive specificity of 98.82%, 

which surpasses that of ResNet-18 (98.62) and ShuffleNet 

(97.05) but falls short of GoogleNet (99.21), demonstrates 

its ability to accurately identify normal samples and 

minimise false positives. The F1-score, which strikes a 

compromise between sensitivity and precision, is 99.23%. 

It displays a strong harmonic mean and shows that the 

suggested model consistently handles imbalanced classes. 

Additionally, the suggested model's precision of 99.68% 

is the greatest of all the architectures that were compared. 

Higher precision lowers the likelihood of misclassifying 

normal cells as malignant, which lowers the risk of 

unneeded medical procedures. This makes it an essential 

parameter in the diagnosis of leukemic cells. 

Table (3) presents the performance comparison of the 

proposed model with other research work carried out for 

the detection of ALL cells.   Accuracies of various 

classifiers: Convolutional Neural Network (with Gray 

Level Co-occurrence Matrix (GLCM)) (Agrawal et al., 

2019), neighborhood-correction algorithm (Pan et al., 

2019), Chronological SCA-based Deep CNN (Oliveira & 

Dantas, 2021), VGG-16 (Oliveira & Dantas, 2021), CNN 

(Genovese et al., 2021), AlexNet (Arif et al., 2022), CNN 

(Claro et al., 2022),  VGG16 (Abhishek et al., 2023), and 

hypercomplex-valued convolutional neural networks 

(HvCNNs) (Vieira & Valle, 2022) have been compared 

with the suggested model that shows that this research 

achieved the highest accuracy. 

 

Table 2. Performance Evaluation and comparison of the Proposed model 

Method Accuracy Sensitivity Specificity Precision F1-Score 

ResNet-18 98.75% 98.80% 98.62% 99.35% 99.08% 

ShuffleNet 97.24% 97.34% 97.05% 98.60% 97.97% 

GoogleNet 98.56% 98.25% 99.21% 99.62% 98.93% 

Proposed 98.87% 98.97% 98.82% 99.68% 99.23% 

Table 3. Performance Comparison of Proposed Model with other Research 

Author and Year Dataset Accuracy 

Agrawal et al., 2019 Medical Image & Signal Processing Research Centre 97.30% 

Pan et al., 2019 CNMC 91.73% 

Jha et al., 2019 ALL-IDB2 98.70% 

Oliveira & Dantas, 2021 CNMC 92.48% 

Genovese et al., 2021 ALL-IDB2 97.92% 

Arif et al., 2022 ALL-IDB 98.05% 

Claro et al., 2022 ALL IDB-1 and ALL IDB-2 94.73% 

Abhishek et al., 2023 ALL-IDB and ASH 84% 

Vieira & Valle, 2022 ALL-IDB2 96.6% 

Proposed CNMC 98.87% 
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Fig.7. Performance Comparison of Pre-trained and Proposed 

Networks 

 

(a) 

 

(b) 

Fig. 8: Loss and Accuracy Plot of Proposed Model 

Fig. (7) presents the results in a visually appealing 

manner and depicts that the optimized VGG-19 classifier 

with the aid of stratified 7-fold cross-validation achieved 

the best results in comparison with other pre-trained 

frameworks.  

Fig. (8) illustrates the convergence of the loss and 

accuracy of the suggested model during the training and 

validation procedures, with a validation loss of 0.0163 and 

a validation accuracy of 99.82%.  

Conclusion  

This research used stratified 7-fold cross-validation to 
offer an optimised VGG-19-based deep learning model 
for the efficient categorisation of normal and malignant 
leukemic cells.  The model learnt discriminative features 
effectively and transferred learning with altered learning 
rates for the last three layers.  Stratified 7-fold cross-
validation was used to make sure the model was 
thoroughly tested on the complete dataset, resulting in a 
fair assessment that reduces bias brought on by class 
imbalance. 

With a 98.87% accuracy, a sensitivity of 98.97%, a 
specificity of 98.82%, a precision of 99.68%, and an F1-
score of 99.23%, the suggested model outperformed other 
pre-trained networks, including ResNet-18, ShuffleNet, 
and GoogleNet. In order to help medical professionals 
with early diagnosis and treatment planning, the results 
show that the optimised VGG-19 model is very effective 
and dependable in identifying and categorising leukemic 
cells. The practical implementation of the model can yet 
be improved, even with its great performance. The 
limitation of the proposed model is that an imbalanced 
dataset was used in this investigation. Despite the use of 
7-fold stratified cross-validation to reduce sampling bias, 
the underlying class imbalance persisted. Furthermore, to 
enhance generalisation and lessen overfitting, 
heterogeneous data can be used to train the model in the 
future. 

The suggested model could be used as a diagnostic 
tool to assist hematopathologists in identifying and 
classifying leukemia at an early stage using images from 
peripheral blood smears. It is suitable for integration into 
clinical decision support systems because of its 
high accuracy and generalisability, which were achieved 
through fine-tuning and transfer learning. By automating 
the detection of malignant cells, the model can reduce 
pathologists' errors and speed up diagnosis, which is 
required for timely treatment in order to save human lives. 
The methodological framework of the study also provides 
a scalable framework for further research in AI-powered 
medical diagnostics, promoting reproducibility and the 
development of similar tools for other hematological 
illnesses. 
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