
VOLUME : 10 ISSUE : 11 Print / Issue Publication Date: 18-Apr-2026

ISSN : 2455-2143

DOI : 10.33564/IJEAST.2026.v10i11.010



International Journal of Engineering Applied Sciences and Technology, 2026 
Vol. 10, Issue 11, ISSN No. 2455-2143, Pages 62-69 

Published Online March 2026 in IJEAST (http://www.ijeast.com) 
 

62 

A NOVEL APPROACH FOR DETECTING BLOOD 

CANCER THROUGH AN ENHANCED MACHINE 

LEARNING ALGORITHM 
 

A. Bindhu, W. Bivi Evangelin 

Department of Computer Science and Engineering,  

Marthandam College of Engineering and Technology, India 

 

R.G. Shari
 

Department of Master of Computer Applications,  

Marthandam College of Engineering and Technology, India 
 

Abstract: The incidence of blood cancer has increased 

over the past ten years, highlighting the importance of 

early treatment following an accurate diagnosis. The 

diagnostic process involves various tests and specialists, 

which can be both time-consuming and costly. To 

improve the accuracy of predictions regarding patient 

outcomes, there's a need for an automated diagnostic 

system. This paper presents a novel approach for 

detecting blood cancer through an Enhanced Machine 

Learning Algorithm that combines the Ensemble Method 

with Effective Fuzzy C Means (EFCM) and Iterative 

Morphological Process (IMP). By employing EFCM and 

IMP, we can effectively segment and analyze blood image 

data to identify distinguishing features linked to blood 

cancers. This segmentation allows the algorithm to 

concentrate on critical regions of interest, ultimately 

enhancing the precision and focus of cancerous cell 

detection. Additionally, we have implemented 

preprocessing and enhancement techniques for the blood 

images. Through the application of Machine Learning in 

analyzing blood cancer images, we achieve precise 

diagnoses, reduce evaluation time, and offer faster, more 

affordable, and safer diagnostic testing. 

 

Keywords: Convolutional Neural Networks CNN, Blood 

smear images, Hematopoietic stem cells (HSCs) 

 

I. INTRODUCTION 

Over the past decade, diagnosing and analyzing blood 

cancers has remained a challenging and lengthy process. 

Although numerous methods have been introduced for 

detecting, analyzing, and classifying blood cancer, there is 

still no fully automated model available for the thorough 

examination of human blood cells to identify cancer. 

Creating such an automated system could transform the way 

we identify and manage diseases,  significantly accelerating 

the process and improving the accuracy of medical 

diagnostics. 

Blood is produced in the bone marrow and contains vital 

components that support immune function, oxygen transport, 

and wound healing. Neutrophils are the most common type 

of white blood cells and act as the body’s first defense 

against bacterial and fungal infections. Eosinophils are 

important for managing allergic reactions and fighting off 

parasites (Al-Azzawi et al., 2024). Basophils, which are less 

frequently observed, trigger allergic responses by releasing 

substances like heparin and histamine, leading to 

inflammation and regulating blood clotting (see figure 1). 

Hematopoietic stem cells (HSCs) in the bone marrow are 

remarkable cells that can transform into any type of blood 

cell (Pirsadeghi et al., 2024).  

They give rise to red blood cells (RBCs) that transport 

oxygen, white blood cells (WBCs) that defend against 

infections, and platelets that aid in clotting through a process 

known as hematopoiesis. Because HSCs are multipotent, 

they can produce various types of blood cells, ensuring a 

continuous supply to maintain a robust immune and 

circulatory system throughout a person’s life. Monocytes and 

macrophages, which have diameters ranging from 15 to 22 

micrometers, have nuclei that resemble pins and are part of 

the mononuclear phagocytic system. Macrophages, derived 

from monocytes, are present in most tissues where they 

detect, engulf, and break down pathogens and cell debris, 

playing a crucial role in immune modulation. White blood 

cells, including monocytes, macrophages, 

polymorphonuclear leukocytes, mast cells, and their 

precursors, account for 50% of the non-stromal cell 

population in the bone marrow (Murayama et al., 2024). 

Deep learning models excel at capturing various levels of 

abstraction in data due to their multiple processing layers. 

These models have significantly pushed forward the 

forefront of several fields, including speech recognition, 

visual object detection, drug discovery, genomics, and object 

recognition (Taye, 2023).  

A key factor behind this achievement is the backpropagation 

technique, which adjusts the model's internal parameters by 

analyzing how representations evolve across each layer. 
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Deep learning is particularly adept at identifying complex 

patterns within large datasets. 

Cancer remains one of the top causes of mortality around the 

globe, and catching it early can greatly enhance the chances 

for effective treatment and survival. Current cancer detection 

practices often rely on medical professionals manually 

reviewing microscopic images, a process that can be lengthy, 

susceptible to human error, and requires specialized 

expertise. This reality can result in delays or misdiagnoses, 

particularly in areas with limited resources. This project aims 

to create an automated system capable of accurately 

classifying medical images—such as blood smears or 

histopathological images—into two distinct categories: 

Cancer and Normal. To reach this objective, we plan to 

utilize a Convolutional Neural Network (CNN), a 

sophisticated deep learning model well-suited for analyzing 

visual data.  

 
Fig 1 : Workflow of a deep learning system designed for 

cancer detection using Convolutional Neural Networks 

 

The diagram illustrates a detailed workflow of a deep 

learning system designed for cancer detection using 

Convolutional Neural Networks (CNNs). It comprises two 

main phases: training and testing (also referred to as 

inference). In the upper section of the diagram, we see the 

training phase, which employs a substantial dataset of 

labeled medical images, such as blood smear images. These 

images are input into the CNN model, which undertakes 

automatic feature extraction. The CNN is trained to 

recognize and encode important visual patterns, including 

shapes, textures, and structures that can indicate whether 

cells are cancerous or normal. This stage of feature extraction 

is crucial, as it transforms raw image data into concise 

representations that encapsulate the vital information needed 

for making informed decisions. Blood cancer, often referred 

to as hematological malignancy, originates from bone 

marrow or blood-forming cells. These cells are responsible 

for producing red and white blood cells, as well as platelets. 

When these cells undergo abnormal growth due to cancer, 

they can disrupt the body's normal functions. There are 

various types of blood cancers, including: 1. Leukemia: This 

refers to uncontrolled white blood cell production and 

particularly affects the body's white blood cells. It occurs 

when blood cells do not develop as they should. While it is 

primarily diagnosed in people over the age of 55, it also 

frequently occurs in children under 15. In the United States 

alone, over 60,000 individuals receive leukemia diagnoses 

annually.  

Symptoms can vary by individual but often include recurrent 

infections, easy bruising, frequent nosebleeds, and small red 

spots on the skin. Leukemia can be categorized based on the 

specific type of white blood cells that are affected. The two 

main types are: - Lymphocytic leukemia: This type targets 

lymphoid cells or lymphocytes, which are crucial for forming 

lymphatic tissues. - Myelogenous leukemia: This affects 

myeloid cells responsible for producing red blood cells, 

white blood cells, and platelets. 2. Lymphoma: This type of 

cancer begins in the lymph nodes and other areas of the 

lymphatic system. 3. Multiple myeloma: This form of blood 

cancer involves the malignancy of plasma cells, a specific 

type of white blood cell. Blood cancer can significantly 

impact an individual's health and quality of life. Common 

symptoms may include fatigue, fever, unintended weight 

loss, easy bruising or bleeding, and recurrent infections, 

depending on the form and stage of the disease. Early 

detection and accurate diagnosis are critical for effective 

treatment. It is advisable to seek medical attention if any of 

these symptoms arise. 

Deep learning methods have emerged as powerful tools for 

tackling challenges that surpass the human brain's 

capabilities, achieving impressive and consistent results. One 

notable approach involves supervised machine learning for 

predicting blood cancer diseases, utilizing a comprehensive 

leukemia microarray gene dataset that includes 22,283 genes. 

Other related studies address the complexities of imbalanced 

and high-dimensional datasets by employing techniques like 

ADASYN resampling and Chi-squared feature selection. 

Through ADASYN, synthetic data is generated to balance 

the dataset across each target class, followed by the selection 

of the top 22,283 features to train learning models with Chi-

squared methodology.  

Early detection of blood cancer is essential for effective 

treatment. Identifying initial signs and risk factors allows 

patients to seek early diagnosis, significantly enhancing 

treatment efficacy. Conversely, delays in detection lead to a 

drop in survival rates, as the disease can progress unchecked 

over time. In our project, a Convolutional Neural Network 

(CNN) will be trained on an extensive dataset of labeled 

medical images to discern the critical features that 

differentiate cancerous cells from healthy ones.  

This system aims to assist healthcare professionals by 

providing a second opinion, improving diagnostic accuracy, 

and drastically reducing analysis time. Once the CNN model 

is properly trained, it will efficiently analyze new images, 

extracting relevant features and achieving high classification 

accuracy. By optimizing the cancer detection process, this 

initiative strives to create more efficient, accessible, and 
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scalable diagnostic solutions in the healthcare sector. 

Leukemia can stem from various factors, including radiation 

exposure, family history, and contact with specific 

chemicals. Typically, leukemia is categorized based on the 

speed of its progression and the type of cells involved, 

dividing it into two primary categories: acute leukemia and 

chronic leukemia. When considering the types of leukemia, 

they are primarily classified by which white blood cells 

(WBCs) are affected. This leads to two main classes: 

Lymphocytic leukemia, impacting lymphoid cells or 

lymphocytes that form lymphatic tissues, and Myelogenous 

leukemia, which affects myeloid cells responsible for 

producing red blood cells (RBCs), WBCs, and platelets in 

the bloodstream.  

The second category of leukemia classification focuses on 

how quickly it progresses in the body, such as acute 

leukemia. In cases of acute leukemia, the cancerous cells are 

immature blasts that multiply rapidly and fail to perform 

their standard functions. Patients diagnosed with acute 

leukemia require immediate and aggressive treatment. In the 

United States, approximately 90,000 individuals are 

diagnosed with lymphoma each year. This type of cancer 

originates from lymphocytes, a kind of white blood cell. 

There are two primary kinds of lymphocytes—B cells and T 

cells—each of which can develop malignant cells that grow 

uncontrollably. Because lymph tissue is dispersed throughout 

the body, lymphoma can initiate in almost any location. 

 

II. LITERATURE REVIEW 

In recent years, deep learning (DL) has emerged as a leading 

computational method in the realm of machine learning 

(ML), demonstrating remarkable performance in a variety of 

complex cognitive tasks and often meeting or exceeding 

human capabilities. Originating from artificial neural 

networks (ANN), deep learning has captured significant 

attention in the tech world because of its ability to learn from 

vast amounts of data. One of its standout advantages is its 

capacity to process and learn from large datasets efficiently. 

The field has experienced rapid growth recently, finding 

successful applications across numerous traditional sectors. 

Leukemia, a type of blood cancer, poses a serious threat as it 

affects the cells in the blood and bone marrow, leading to the 

production of malignant blood cells that disrupt the immune 

system. This condition hampers bone marrow’s ability to 

generate essential blood components, including red blood 

cells (RBCs), white blood cells (WBCs), and platelets. 

Diagnosing leukemia typically involves a complete blood 

count test, enabling medical professionals to detect signs of 

leukemia cells. Additionally, methods such as microscopic 

examination of blood smears and bone marrow aspiration are 

employed during patient assessments. However, these 

methods can be labor-intensive, slow, and often depend on 

significant human expertise, highlighting the need for 

automated systems to enhance diagnosis efficiency. 

Microscopic analysis of blood cells is crucial for the early 

detection of serious hematological disorders like leukemia. 

We present an effective and efficient approach to 

automatically detecting and classifying Acute Lymphoblastic 

Leukemia (ALL) and Acute Myeloid Leukemia (AML).  

Transfer learning has gained traction as a favored method in 

medical image analysis, particularly because it achieves 

excellent results even with smaller datasets. This paper 

outlines a lightweight transfer-learning-based feature 

extraction process combined with a Support Vector Machine 

(SVM) classification technique for efficient detection of ALL 

and AML. Automating leukemia detection is essential for 

healthcare facilities, playing a pivotal role in timely 

diagnosis and treatment planning. Given that leukemia 

originates in the bone marrow and primarily affects white 

blood cells (WBCs), advancements in detection methods are 

critical. 

Acute leukemia is a cancer that starts in the bone marrow and 

is characterized by an abnormal growth of white blood cells. 

It is a disease that affects people all over the world. 

Hematologist study blood smears from patients to 

appropriately diagnose this anomaly. The methods used for 

diagnosis can be influenced by factors including the 

hematologist's experience and level of weariness, resulting in 

nonstandard results and even inaccuracies. The automatic 

detection of acute leukemia will produce robust results with 

precise accuracy. This systematic review gives a thorough 

investigation of the deep learning method for the 

classification and detection of acute leukemia. The 

systematic review adopted the PRISMA principle. Four 

online open source databases were utilized to find 

comparable articles, and a query featuring relevant keywords 

was created for the search purpose. Relevant publications 

were chosen from the search results based on inclusion and 

exclusion criteria to find answers to the four evolving 

research questions. The findings of the various studies were 

examined using the research questions that had been 

created.F1score and accuracy have been used as a 

performance matrix for the comparison purpose of CNMC 

and ALL IDB and self-acquired datasets. Consequently, 

various challenges faced by the authors have been 

highlighted. This systematic review article consists of a 

summary of the various automated detection and 

classification of acute leukemia in terms of four research 

questions. Different steps before classification like 

preprocessing, augmentation, segmentation, and feature 

extraction with various challenges faced by the author's 

different datasets. 

Lymphomas, which are cancers that affect the lymphatic 

system, represent about half of all blood cancer diagnoses 

each year. Diagnosing lymphoma can be quite challenging, 

and getting an accurate diagnosis is crucial for ensuring 

effective treatment. Traditionally, analyzing blood cells under 

a microscope involves skilled medical professionals, which 

can be time-consuming and relies heavily on their expertise. 

This paper presents a content-based image retrieval system 
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designed to support early diagnosis of lymphoma. It utilizes 

deep learning for feature extraction and a classical method 

for reducing the data's dimensionality, enabling the retrieval 

of similar images from a database. The algorithm leverages a 

pre-trained network, ResNet-101, to extract the necessary 

features to differentiate between four types of cells: 

lymphoma cells, blasts, lymphocytes, and others.  

To address the problem of class imbalance, we over-sample 

the training data and apply data augmentation techniques. 

Deep learning features are captured using the activation data 

from the pre-trained network's feature layer. We then apply 

dimensionality reduction to hone in on the most relevant 

features for our retrieval system, using Euclidean distance as 

the metric for image similarity. Our experiments utilized a 

dataset of microscopic blood images, totaling 1,673 

leukocytes across the specified cell categories. The results 

from our proposed algorithm show an impressive precision 

rate of 98.74% for classifying lymphoma cells and 99.22% 

precision at the top 10 retrievals for lymphoma cell images. 

These experimental results validate the effectiveness of our 

approach, suggesting that our system could be beneficial in 

real clinical settings, assisting healthcare professionals in 

diagnosing lymphoma while significantly lessening the 

demand for resources. 

Abnormal leukocyte growth is a precursor to hematologic 

malignancies like leukemia. Unfortunately, current clinical 

assessment methods for diagnosing this disease are often 

labor-intensive and take considerable time. Automated 

diagnostic systems based on image analysis could 

significantly aid in the decision-making process when it 

comes to detecting leukemia. A crucial aspect of developing 

such a system is having a reliable classifier that depends on 

identifying vital features. However, pinpointing these 

relevant features poses a significant challenge within the 

classification workflow. This study introduces a novel two-

step methodology designed to enhance the classification of 

leukocytes for leukemia diagnosis.  

It present a fine-tuned feature-extractor model adapted from 

VGG16, named "LeuFeatx," which is essential for accurate 

leukocyte classification. Our findings demonstrate that 

LeuFeatx effectively extracts key leukocyte features from 

microscopic single-cell images. We visualize and compare 

the filters and features learned by LeuFeatx against those of 

the base VGG16 model. To evaluate the effectiveness of the 

features extracted by LeuFeatx, we conducted independent 

classification experiments using three public benchmark 

leukocyte datasets. The multiclass classifiers trained with the 

deep features from LeuFeatx outperformed recent research 

on the AML Morphological dataset in terms of precision and 

sensitivity for seven leukocyte subtypes. Additionally, they 

exhibited superior sensitivity across all cell types when 

compared to recent work on a peripheral blood cell dataset 

sourced from Hospital Clinic of Barcelona. In a binary 

classification task utilizing the ALL_IDB2 dataset, classifiers 

leveraging LeuFeatx deep features achieved an impressive 

accuracy of 96.15%, surpassing other state-of-the-art 

methods reported in existing literature. Therefore, the 

superior performance of our classifiers across various 

comparison metrics underscores the significance of the 

extracted features and the robustness of the proposed model. 

Acute lymphoblastic leukemia (ALL) is a serious cancer 

marked by the unusual buildup of immature lymphocytes in 

the blood or bone marrow. The success of ALL treatment is 

closely linked to how quickly the disease is diagnosed. 

Currently, the standard method for diagnosing ALL involves 

manually analyzing stained blood smear images under a 

microscope, a process that is often slow and prone to errors. 

Recently, deep learning techniques have emerged as a 

valuable resource for supporting doctors in their medical 

evaluations. As a result, various computer-aided diagnostic 

systems have been developed to autonomously detect ALL in 

blood images. This study introduces a novel Bayesian-

optimized convolutional neural network (CNN) designed for 

the identification of ALL in microscopic smear images. To 

enhance classification performance, the architecture and 

hyperparameters of the CNN are tailored to the input data 

using a Bayesian optimization strategy. The proposed CNN is 

trained and validated on a hybrid dataset created by merging 

two public ALL datasets. Furthermore, data augmentation 

techniques have been employed to enrich the hybrid image 

collection and improve classification accuracy. The CNN 

model, optimized through Bayesian search, demonstrated 

enhanced performance in classifying ALL in the test set. The 

results suggest that this Bayesian-optimized CNN 

outperforms other state-of-the-art deep learning models for 

ALL classification. 

Artificial intelligence has transformed the landscape of 

medical diagnosis, especially in the field of cancers. 

Diagnosing acute myeloid leukemia (AML) can be a lengthy 

and complex process, often resulting in human and machine 

errors. Even seasoned pathologists can struggle to arrive at a 

definitive diagnosis despite thorough examinations. To 

address this, computer-aided diagnosis (CAD) emerges as a 

valuable tool in minimizing errors and reducing the time 

required for AML diagnosis. A pivotal aspect of AML 

diagnosis is the detection of white blood cells (WBCs), and 

deep learning has proved to be a cutting-edge approach in 

this area. The accuracy of WBC detection is closely linked to 

the quality of the features extracted during the training phase 

of pixel-wise classification models. CAD relies on analyzing 

various patterns of changes related to WBC counts and 

features.  

In this research, we introduce a novel hybrid feature 

extraction technique that combines image processing and 

deep learning methodologies. This approach unfolds in two 

distinct phases: first, a region of interest (ROI) is pinpointed 

using the CMYK-moment localization technique; secondly, 

features are extracted utilizing a CNN-based feature fusion 

method. We employed several classification algorithms to 

assess the importance of the extracted features. The 
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effectiveness of this feature extraction technique was 

validated against an external dataset and compared to 

existing methods. Our proposed method demonstrated 

remarkable performance, generalization, and stability across 

all classifiers, achieving impressive overall classification 

accuracies of 97.57% and 96.41% for the primary and 

secondary datasets, respectively. This innovative approach 

presents a promising avenue for enhancing WBC detection, 

which could ultimately lead to improved diagnosis of AML. 

 

III. ARCHITECTURAL DIAGRAM 

Leukemia can stem from a variety of causes, including 

radiation exposure, genetic predisposition, and contact with 

specific chemicals. It is generally categorized based on the 

speed of progression and the type of cell affected, leading to 

two main classifications: acute leukemia and chronic 

leukemia. 

 

 
Fig 2 : System Design 

 

IV. METHODOLOGY 

Data collection and preprocessing 

Data Collection: The dataset utilized for his research was 

sourced from Kaggle, specifically focusing on leukemia with 

a total of 15,135 images. Data Preprocessing: The 

preprocessing phase involved adjusting all images to a 

uniform resolution of 224 × 224 pixels, alongside denoising 

and applying various augmentation techniques such as 

rotation, horizontal flipping, and contrast adjustments.  

Resizing: All images were resized to a standard dimension of 

224 × 224 pixels to ensure compatibility with the neural 

network architecture. This size is widely adopted in 

numerous deep learning models, especially those based on 

architectures like ResNet and VGG.  

Denoising: Techniques such as Gaussian blurring, median 

filtering, and wavelet denoising were employed to eliminate 

noise and artifacts that could hinder the ability of the model 

to learn meaningful patterns. Augmentation: This process 

added diversity to the training data, enhancing the model's 

ability to generalize effectively.  Rotation: Random rotations 

of images were implemented to provide varying perspectives. 

- Horizontal Flipping: Images were flipped horizontally, 

generating realistic variations.  

Contrast Stretching: This technique improved the contrast 

among image intensities to simulate different lighting 

environments. Combination: Collectively, these 

preprocessing steps fortified the dataset, making it well-

suited for deep learning training. This strategy helps mitigate 

overfitting and boosts model performance, equipping it to 

better handle unfamiliar data.  

Model Selection and Architecture Model Selection: We 

opted for ResNetRS50 and RegNetX016 due to their 

established efficacy in medical image analysis. These models 

excel at capturing intricate details within images. Model 

Architecture: To generate predictions, custom top layers 

were integrated into both models, including fully connected 

layers and a SoftMax output layer. Additionally, dropout and 

L1/L2 regularization techniques were implemented to 

enhance generalization. 

 

Training and evaluation 
Dataset Overview: The Chinese National Medical Centre 

(CNMC) has released an open-access dataset featuring a 

comprehensive collection of blood cancer images. Developed 

by a dedicated research team, this dataset includes a diverse 

array of images related to leukemia, lymphoma, and multiple 

myeloma. With a rich assortment of images that represent 

various cases of blood cancers, this resource allows for the 

effective development of models aimed at classifying and 

diagnosing different disease variants. Each high-quality 

image in the CNMC dataset is meticulously labeled to 

specify the particular type of blood cancer it represents, 

making it ideal for training and validating deep learning 

models. Moreover, the open-source nature of the CNMC 

dataset ensures that researchers have easy access to all 

necessary resources for their studies and projects. 

Potential Applications: The CNMC dataset offers a valuable 

opportunity for training and evaluating deep learning models 

intended for blood cancer classification and diagnosis. It 

paves the way for exploring innovative diagnostic and 

detection methods, such as computer-aided diagnosis 

systems. This dataset can significantly aid healthcare 

professionals by providing tools that enhance the accuracy 

and reliability of their diagnosis and treatment decisions 

regarding blood cancer. For researchers and clinicians 

operating in the field of blood cancer, the CNMC dataset 

serves as a foundational resource, contributing to a deeper 

understanding of this complex illness and ultimately 

improving patient outcomes.  

Training Procedure: The Adam optimizer is well-known for 

its effectiveness in deep learning, particularly when training 

neural networks. It uniquely adapts the learning rate for each 

parameter, allowing it to align with the optimization 

landscape and the specifics of the dataset. Its computational 

efficiency and ease of implementation make Adam a popular 

choice for large-scale deep learning tasks, and it exhibits 

robustness regarding various learning rates and 

hyperparameter settings. Consequently, it is commonly used 
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to train Convolutional Neural Networks (CNNs), Recurrent 

Neural Networks (RNNs), and Generative Adversarial 

Networks (GANs). In this context, the Adamax variant of the 

optimizer was employed to train models with a learning rate 

set at 0.001. The training process spanned 40 epochs, 

utilizing a batch size of 40, and the dataset was split into 

70% for training and 30% for validation. 

Evaluation Metrics: The performance of the model was 

assessed using several key metrics, including true positive 

(TP) and false negative (FN) rates, along with a confusion 

matrix. Other important measures included accuracy, 

precision (positive predictive value - PPV), recall (also 

known as sensitivity or hit rate), and the F1 score for binary 

classification. This approach ensured that no bias was 

introduced favoring certain class labels over others. 

Additionally, we implemented early stopping to monitor and 

reduce validation loss effectively.  

Hyperparameter Tuning:  

Learning Rate: We explored various learning rates (0.001, 

0.01, 0.0001) to determine the optimal setting for each 

model.  

Batch Size: Different batch sizes (16, 40, 64) were evaluated 

to understand their effects on the model's convergence. 

Callback Implementation:  

Early Stopping: To enhance the training process, an early 

stopping callback was employed with a patience of 5 epochs. 

This function stopped training if there was no improvement 

in validation loss. 

Learning Rate Adjustment: iT also integrated a learning rate 

reduction callback, which would decrease the learning rate 

by half if the validation loss did not improve over two 

consecutive epochs.  

Validation and Testing: The models underwent thorough 

validation on a separate test dataset, and detailed results from 

these validation assessments were reported. This analysis 

offered valuable insights into the generalization capabilities 

of the models. Testing: A distinct test dataset was utilized to 

evaluate the model's generalization, with results indicating an 

impressive accuracy of 88% on previously unseen data. 

 

V. IMPLEMENTATION 

 
Fig 3 : Login 

 

 
Fig 4 : Analyze Blood Cell Image 

 

 
Fig 5 : Selection of Input Image 

 

 
Fig 6 : Analysis Process 

 

 
Fig 7 : Detection Process 
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VI. RESULT AND DISCUSSION 

A preferred technique for segmenting brain tumors aims to 

enhance the overall outcomes in analyzing blood cell images. 

The effectiveness of this proposed blood cancer detection 

approach, utilizing an advanced machine learning algorithm, 

is assessed using Python software along with a blood cell 

image dataset. First, the dataset is collected and pre-

processed, after which relevant features are extracted. The 

ensemble method is then applied, and the EFCM clusters the 

extracted features from the blood cell images. Following this, 

the segmentation and classification results are improved 

using IMP. Finally, the ensemble model undergoes training, 

and its performance is assessed. In this context, accuracy 

refers to how precise the outcomes are. 

 
A mean square error (MSE) serves as a crucial metric for 

assessing the fidelity of signals or images. This reliability 

measure, often referred to as a fidelity metric, determines the 

degree of similarity or consistency between two images 

through a mathematical approach. Typically, when discussing 

MSE, we consider one image to be flawless while the other 

has undergone some alterations, which is elaborated upon as 

follows: 

 
Peak Signal-to-Noise Ratio data is available from this 

database. It measures an overall ability to reassemble a 

processed image. The formula for this can be found below. 

 
A signal-to-noise ratio is indicated by a decrease in mean 

squared error (MSE) and an increase in peak signal-to-noise 

ratio (PSNR). To determine the boundary displacement error, 

the values of the two pixels are summed together. 

 

Algorithms MSE PSNR Accuracy 

SVM 23.2 20.2 91.5 

Decision 

Tree 

22.5 19.3 85.3 

Ensemble 

Model 

16.1 12.5 96.2 

Table1 : Comparison Of Various Segmentation Techniques 

For Accuracy 

 

The current study's findings, detailed in Table 1, reveal that 

the accuracy of the ensemble model improves by 96.2 

percent when compared to the two algorithms tested. 

 

VII. CONCLUSION 

The proposed system has shown significant potential for 

automating blood cancer diagnosis, potentially improving 

patient outcomes and reducing mortality rates. It’s crucial, 

however, to carefully consider the ethical implications to 

ensure that the implementation is fair and advantageous for 

all. Further research will be essential to adapt these models 

for practical clinical use. The analysis reveals an impressive 

accuracy rate of 97%, with only a 3% error margin. This 

suggests that the system could play a vital role in aiding 

blood cancer diagnosis. 

 

VIII. FUTURE ENHANCEMENT 

Advanced hyperparameter optimization holds great promise 

for improving these models. Further investigation into 

hyperparameter optimization techniques is essential for fine-

tuning model performance. 
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