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Abstract:

Blood cancer, also called hematological malignancy, is a group of cancers that affect the blood, bone marrow
and lymph nodes. Early and accurate detection of blood cancers is essential for effective treatment and
improved patient outcomes. In recent time, deep-learning algorithms have become effective tools in medical
image analysis and disease detection. The purpose of this paper is to provide a comprehensive overview of
the application of various methods in the detection of blood cancer. The beginning of the article describes
the different forms of blood cancer, the factors that lead to cancer and the difficulties in detecting them. The
article discusses various techniques related to the cancer detection, various machine learning models, deep
learning models and mobile nano sensors and their help in detecting blood cancer in the human body. The
article ends with a discussion of the future trends and development of the industry. It highlights the
importance of different cancer detection methods and how effective these methods are in helping to diagnose
blood cancer at an early stage, which would reduce deaths.

Keywords: Blood cancer, detection, deep learning, machine learning, medical imaging, early diagnosis,
treatment, outcomes, hematological malignancy

I. Introduction

Blood cancer, also known as hematological malignancy, arises from genetic mutations in the DNA of blood
cells, particularly in white blood cells. These mutations cause the cells to grow and divide uncontrollably,
leading to the development of cancerous cells. While the exact cause of these mutations is not always clear,
certain risk factors can increase the likelihood of developing blood cancer.

Diagnosing blood cancer typically involves a series of tests, including blood tests, bone marrow biopsies, and
imaging studies, to determine the type and extent of the disease. Treatment options for blood cancer vary
depending on the type of cancer, its stage, and the patient's overall health. Common treatments include
chemotherapy, radiation therapy, targeted therapy, and stem cell transplants. In recent years, immunotherapy
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has also emerged as a promising treatment for some types of blood cancer, helping the immune system to better
target and destroy cancer cells.

Blood cancers are relatively rare in children, accounting for less than 1% of all cancers diagnosed in the United
States. But they are one of the most common types of cancer in children, and leukemia is the most common
form of cancer in children. Blood cancers can occur in young adults but are more common in older adults. The
risk of developing blood cancer usually increases with age. The risk of developing blood cancer increases with
age, and most cases are diagnosed in older adults. Acute myeloid leukemia (AML) and chronic lymphocytic
leukemia (CLL) are more common in older adults, while acute lymphoblastic leukemia (ALL) is more common
in children and younger adults.

Overall, advances in treatment and supportive care have led to improvements in survival rates for many types
of blood cancer in recent years.

II. BLOOD CANCER RISK FACTORS
1.Gender:

Blood cancers can affect both males and females, but some types show a gender bias. For instance, Lymphoma
(Hodgkin lymphoma) is more common in males, while non-Hodgkin lymphoma affects both genders equally.
Leukemia - Acute lymphoblastic leukemia (ALL) occurs more frequently in children, with a slightly higher
chances in males. Chronic lymphocytic leukemia (CLL) is more common in older adults with a slight male
dominance.

While gender plays a role, blood cancers can occur in anyone regardless of sex.
2.Exposure to Chemotherapy Drugs:

Chemotherapy drugs used to treat other cancers can sometimes lead to blood cancer. Alkylating Agents. These
drugs damage DNA and increase the risk of myelodysplastic syndrome (MDS) or acute myeloid leukemia
(AML).

3.Radiation Exposure:

Exposure to radiation, whether from medical treatments or environmental sources, can impact blood cells.
Patients treated with radiation for other cancers may develop MDS or AML years later. Studies on survivors in
Japan revealed a correlation between radiation dose and blood cancer risk. Repeated CT scans or x-rays may
contribute to risk.

4.Chemical Exposure:

Benzene found in cigarette smoke, industrial settings, and cleaning products. It’s linked to acute myeloid
leukemia (AML) and myelodysplastic syndrome (MDS).

5.Genetic Syndromes:
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Inherited syndromes affecting blood cell development increase the risk of blood cancer. Fanconi Anemia is
associated with AML and MDS. Down Syndrome also increases the risk of ALL and AML.

6.Family History:

Having a close family member with blood cancer may increase your risk. If a first-degree relative (Parent or
Sibling) has blood cancer, your risk may be slightly elevated.

III. LITERATURE SURVEY

The proposed methodology for blood cancer detection, as delineated by Saranya et al. (2021), Paper [1]
highlights the significant role of machine learning and image processing in early disease detection. By
employing Support Vector Machine (SVM) and K Nearest Neighbour (KNN) classifiers, the authors present a
robust framework for leukemia detection with notable accuracies of 97% and 91%, respectively. This approach,
expounded upon in the work by Saranya et al., integrates thorough pre-processing techniques like median
filtering and histogram equalization to enhance image quality and contrast. Following these steps, segmentation
methodologies such as watershed segmentation and K-means clustering facilitate the extraction of essential
cellular features crucial for accurate diagnosis. The authors' meticulous attention to feature extraction and
classification algorithms underscores the potential of machine learning in transforming cancer diagnostics,
offering a promising avenue for early detection and intervention.

Moreover, the comprehensive result analysis provided by Paper [1] underscores the effectiveness of the
proposed methodology in clinical settings. Through meticulous evaluation of performance metrics such as
accuracy, specificity, sensitivity, and error rate, the authors validate the robustness of their approach in
distinguishing between normal and abnormal blood cells. The integration of advanced image processing
techniques with machine learning algorithms not only enhances diagnostic precision but also sets the stage for
future research endeavors. By elucidating the strengths and limitations of the proposed framework, Saranya et
al. lay the groundwork for further exploration into subclassification of leukemia subtypes and the development
of personalized diagnostic tools, thereby advancing the frontiers of cancer diagnostics and treatment.

The literature survey conducted by Dharani et al. (2023) in Paper [2] emphasizes the growing need for effective
blood cancer detection methods due to the increasing prevalence of the disease. They stress the importance of
early diagnosis in mitigating the impact of blood cancer on patients' health. In their exploration of existing
research, the authors highlight the challenges faced in traditional diagnostic approaches, such as manual cell
counting and the risk of overfitting in image processing techniques. These limitations underscore the necessity
for innovative solutions, prompting the investigation of machine learning algorithms for automated and accurate
blood cancer detection.

Building on this context, the proposed methodology outlined in Paper [2] integrates machine learning techniques
with advanced image processing methods to address the shortcomings of traditional diagnostic approaches. By
leveraging algorithms like Effective Fuzzy C Means (EFCM) and Iterative Morphological Process (IMP), the
authors aim to enhance the accuracy and efficiency of blood cancer detection. Their approach encompasses pre-
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processing and segmentation of blood cell images, followed by feature extraction and classification. Through
empirical evaluation, the authors demonstrate the superiority of their ensemble model, showcasing a significant
improvement in accuracy compared to conventional algorithms. This comprehensive methodology promises to
revolutionize blood cancer diagnosis, offering faster, more cost-effective, and safer diagnostic procedures for
improved patient outcomes.

The study conducted by Singh and Luxmi (2023) in Paper [3] delves into the realm of blood cancer detection,
recognizing the critical importance of early and accurate diagnosis for effective treatment outcomes. Focusing
on the application of deep learning techniques, the paper provides a thorough examination of various deep
learning architectures and frameworks utilized in blood cancer research. Notably, the authors highlight the
challenges posed by the diverse forms of blood cancer and the complexities involved in their detection. They
emphasize the pivotal role of deep learning algorithms in medical image analysis, offering promising avenues
for automated blood cancer detection. The review underscores the significance of robust and interpretable deep
learning models, as well as the integration of multi-modal data to enhance accuracy and facilitate personalized
treatment strategies.

Paper [3] also discuss the practical aspects of blood cancer diagnosis, elucidating common symptoms and
diagnostic procedures. They shed light on the diverse manifestations of blood cancer symptoms, ranging from
fatigue and weight loss to swollen lymph nodes and bone pain. Furthermore, the paper delineates various types
of blood cancer, including leukemia, lymphoma, myeloma, and myelodysplastic syndromes, each characterized
by distinct features and diagnostic challenges. By exploring the limitations of traditional diagnostic methods
and the potential of deep learning-based approaches, the study underscores the need for advancements in data
collection, preprocessing, and model development. Moreover, the authors advocate for seamless integration
with clinical workflows, addressing ethical considerations, and ensuring the generalizability and interpretability
of deep learning models for blood cancer detection.

The study conducted in Paper [4] addresses the critical need for automated methods in blood cancer detection
and diagnosis, highlighting the potential of deep learning techniques in this area. Given the challenges associated
with timely diagnosis and treatment of blood cancer, the authors emphasize the significance of early detection
to improve patient outcomes. Utilizing a Hybrid Ensemble Deep Learning approach, the study achieves a
commendable accuracy rate exceeding 95% in identifying blood cell abnormalities. Through the integration of
Multi-Layer Perceptron (MLP) and Convolutional Neural Network (CNN) models, the proposed methodology
demonstrates promising outcomes in detecting various blood cancer types, including acute lymphocytic,
myeloid, and chronic leukemia. Additionally, the research underscores the importance of employing transfer
learning strategies, such as the Google Net deep transfer architecture, to differentiate between normal and
cancerous blood cells, showcasing advancements in deep learning-based disease detection methodologies.

The literature survey conducted by Jayachitra and Umarkathaf (2023) in Paper [4] offers a comprehensive
overview of existing research endeavors in blood cancer detection, elucidating key contributions and
methodologies employed by various scholars. From studies focusing on white blood cell segmentation and
analysis to those exploring machine learning and deep learning algorithms for classification, the survey
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highlights diverse approaches aimed at addressing the complexities of blood cancer diagnosis. Jayachitra and
Umarkathaf (2023) underscore the importance of interdisciplinary research efforts in advancing blood cancer
detection. Moving forward, the study suggests avenues for future research, emphasizing the ongoing pursuit of
innovative deep learning models and their integration into clinical workflows to enhance disease detection and
facilitate personalized treatment strategies.

The study conducted by Mosayebi et al. (2019) in Paper [5] extensively explores the use of mobile nanosensors
(MNSs) for early cancer detection within blood vessels. The authors model the movement of MNSs, considering
factors such as advection and diffusion, and propose deterministic measurement positions along the x-axis. They
develop a comprehensive framework for modeling the activation levels of MNSs based on encountered
biomarker concentrations, incorporating contributions from both cancerous and healthy cells. The study
proposes two detectors: an optimal Neyman-Pearson Likelihood Ratio Test (LRT) and a simpler Sum Detector.
Through simulations, the study validates the proposed models and evaluates the detectors against a benchmark
scheme where nanosensors are fixed at the detection site. The results indicate that both detectors outperform the
benchmark scheme, showcasing the potential of MNS-based approaches for early cancer detection (Mosayebi
et al., 2019).

In summary, Paper [5] provide a detailed investigation into MNS-based anomaly detection within blood vessels
for early cancer detection. Their study offers insights into the movement and detection capabilities of MNSs
and proposes effective detection frameworks. Through rigorous simulation-based validation and performance
evaluation, the authors demonstrate the superiority of the proposed detectors over conventional fixed-sensor
approaches, suggesting promising prospects for MNS-based systems in enhancing early cancer detection
methodologies.

The field of computer-aided diagnosis (CAD) has witnessed significant advancements, particularly in the
context of leukemia detection using Convolutional Neural Networks (CNNs). Paper [6] present a pioneering
study focusing on the automatic detection of white blood cancer from bone marrow microscopic images. Their
research leverages a CNN model trained on the SN-AM dataset, achieving an impressive accuracy rate of 97.2%.
By utilizing deep learning techniques, such as CNNs, the study highlights the potential of machine learning
algorithms in revolutionizing medical diagnostics, particularly in the context of leukemia detection, offering a
more efficient and accurate approach compared to traditional methods.

Furthermore, the proposed CNN architecture in Paper [6], comprising five convolutional layers and four fully
connected layers, demonstrates the effectiveness of deep learning in image recognition and classification tasks.
The model's ability to extract precise information from cell images and accurately identify leukemia subtypes
underscores the importance of CNNs in enhancing patient outcomes. The study's findings not only showcase
the capabilities of CNNs in medical imaging but also pave the way for future research in leveraging deep
learning for automated disease detection and diagnosis.

The Paper [7] reviews methods for detecting blood cancer, focusing on Acute Lymphoblastic Leukemia (ALL),
using image processing. It emphasizes the need for accurate and efficient detection due to the rapid progression
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of leukemia. Various techniques like image segmentation, morphological analysis, and feature extraction are
discussed, each with its advantages and limitations. The research proposes a methodology involving image
acquisition, enhancement, segmentation, feature extraction, and classification. Challenges such as cell
deformation and overlapping are noted, underscoring the need for automated systems. The paper concludes that
early detection can improve treatment outcomes.

In Paper [8] Putzu proposed a method for leukocyte characterization using microscopic blood images, achieving
an accuracy of 93.2% in leukemia identification with kernel SVM under ten-fold cross-validation. Abbas and
Khashman used Otsu's thresholding, median filtering, and canny edge detection for leukemia classification,
achieving encouraging results. Madhukar demonstrated a 93.5% accuracy rate in ALL classification using SVM
with cross-validation, focusing on nucleus clustering and feature extraction. Piuri and Scotti combined edge
detection and morphological methods for membrane detection in white cells. Various clustering techniques,
including fuzzy clustering methods, K-means, and others, have been employed for nucleus location in leukemia
cells.

Paper [9] highlights the importance of automated detection methods for white blood cell cancer, particularly
leukemia, due to its critical nature and the need for accurate and timely diagnosis. Previous studies have
explored various image processing techniques, including segmentation and classification algorithms, to
differentiate between normal and cancerous cells. These studies have shown promising results using deep
learning models like CNNs and FCNNSs, which are adept at handling complex image data. Additionally, the
use of optimization algorithms such as SSA and SESSA has further enhanced the performance of these
models, leading to improved accuracy in detecting leukemia cells. Overall, these advancements in machine
learning and image processing techniques offer valuable tools for medical professionals in diagnosing and
treating blood cancers more effectively.

Paper [10] proposes an automated method for classifying leukocytes in microscopic images to detect leukemia,
employing K-means transformation, histogram equalization, linear contrast stretching, and share-based features.
Implemented in MATLAB, the model aims to detect leukemia cells in healthy blood cells without requiring
medical equipment or expertise, focusing on automation. Highlighting the importance of early leukemia
detection for appropriate treatment, the paper discusses manual detection challenges, emphasizing the benefits
of automated techniques for quick and accurate results. The proposed system aims to improve image
differentiation and segmentation of white blood cells (WBCs) and nuclei, crucial for accurate leukemia
detection, and to develop new features for enhanced accuracy. The research suggests that the proposed method
could significantly improve leukemia detection accuracy and efficiency, with potential applications in detecting
various diseases using microscopic images
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IV. CHALLENGES IN DETECTION OF BLOOD CANCER

Detecting blood cancer poses several challenges due to its diverse manifestations and the limitations of current
diagnostic methods. One significant challenge is the non-specific nature of early symptoms, which can include
fatigue, fever, and weight loss. These symptoms are often attributed to more common illnesses, leading to delays
in diagnosis. Unlike some other cancers, there are no widely available screening tests for most types of blood
cancer, further complicating early detection. Diagnosis often relies on clinical suspicion based on symptoms
and physical examination, highlighting the need for increased awareness among healthcare providers.

Another challenge is the variability in interpreting diagnostic tests for blood cancer, such as bone marrow
biopsies and blood smears.

The subjective nature of interpretation, which can vary between pathologists, can impact the accuracy and
reliability of the diagnosis.

Additionally, some subtypes of blood cancer are extremely rare, making them challenging to diagnose.
Healthcare providers may not encounter these subtypes frequently, leading to a lack of familiarity with their
clinical presentation and diagnostic features. This underscores the importance of ongoing education and training
for healthcare professionals to improve diagnostic accuracy.

Detecting blood cancer faces additional challenges related to its complex biology and the heterogeneity of
cancer cells. Blood cancers, including leukemia, lymphoma, and myeloma, are characterized by the uncontrolled
growth of abnormal blood cells. The genetic and molecular alterations driving this abnormal growth can vary
widely between patients and even within the same type of cancer. This heterogeneity poses a challenge for
developing universal diagnostic markers and targeted therapies. Identifying and characterizing these molecular
alterations require sophisticated and often expensive techniques, further complicating the diagnostic process.

Moreover, the overlap in symptoms and laboratory findings between different types of blood cancers can lead
to misdiagnosis or delays in diagnosis. For example, symptoms such as anemia, thrombocytopenia, and
leukocytosis are common across various blood disorders, making it challenging to differentiate between them
based solely on clinical presentation. Misdiagnosis can lead to inappropriate treatments and potentially worsen
patient outcomes. Improving diagnostic accuracy requires a deeper understanding of the molecular mechanisms
underlying different blood cancers and the development of more specific and sensitive diagnostic tools.

In addition to biological challenges, socio-economic factors can also impact the detection of blood cancer.
Access to healthcare services, including specialized diagnostic tests and expert consultation, can be limited in
certain regions or communities. This disparity in access can result in delayed diagnosis and suboptimal care for
some patients. Addressing these challenges requires a concerted effort from healthcare providers, researchers,
policymakers, and patient advocates to improve diagnostic technologies, increase access to care, and enhance
awareness of blood cancer among the public and healthcare professionals.
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V. CLASSIFICATION OF BLOOD CANCER

Blood cancer, or hematologic cancer, encompasses a group of malignancies that impact the production and
function of blood cells or the lymphatic system. These cancers originate in the bone marrow, where blood cells
are produced, or in the lymphatic tissues, such as the lymph nodes, spleen, and thymus. The three primary types
of blood cancer are leukemia, lymphoma, and myeloma, each with distinct characteristics and subtypes.

Leukemia is a cancer that affects the blood and bone marrow, leading to the overproduction of abnormal white
blood cells. These abnormal cells crowd out healthy blood cells, resulting in various symptoms. Leukemia can
be acute or chronic, with acute leukemia progressing rapidly and requiring immediate treatment, while chronic
leukemia progresses more slowly and may not cause symptoms for years.

Common symptoms of leukemia include Fatigue and weakness, Pale skin, Frequent infections, Fever and
chills, Unexplained weight loss, Easy bruising or bleeding, Swollen lymph nodes, liver, or spleen and Bone pain
or tenderness.

Leukemia is classified based on the type of white blood cell affected (lymphoid or myeloid) and the rate of
disease progression (acute or chronic).

Lymphoma is a cancer that originates withinside the lymphatic system, part of the body's immune system. It
generally affects lymphocytes, a form of white blood cell. Lymphoma is divided into two main categories:
Hodgkin lymphoma and non-Hodgkin lymphoma.

Common symptoms of lymphoma include Swollen lymph nodes in the neck, armpits, or groin, Fatigue,
Unexplained weight loss, Fever and chills, Night sweats, Itching, Chest pain or pressure and Abdominal pain
or swelling.

Hodgkin lymphoma is characterized by the presence of Reed-Sternberg cells, while non-Hodgkin lymphoma
includes a diverse group of lymphomas that do not contain these cells.

Myeloma, also called multiple myeloma, is a cancer that influences plasma cells, a type of WBC that produces
antibodies. In myeloma, malignant plasma cells accumulate in the bone marrow and interfere with the
production of normal blood cells.

Symptoms of myeloma include Bone pain, especially in the spine or chest, Weakness or numbness in the legs,
Fatigue, Frequent infections, Unexplained weight loss, Excessive thirst, Nausea and constipation, Confusion or
mental fogginess.Early detection and treatment are critical for improving outcomes in blood cancer patients.
Treatment may include chemotherapy, radiation therapy, immunotherapy, targeted therapy, and stem cell
transplantation, depending on the type and stage of the cancer.

© 2024, IJSREM | www.ijsrem.com DOI: 10.55041/IJ]SREM32643 | Page 8



http://www.ijsrem.com/

2
.
IJSREM
gﬁ International Journal of Scientific Research in Engineering and Management (IJSREM)
w Volume: 08 Issue: 05 | May - 2024 SJIF Rating: 8.448 ISSN: 2582-3930

VI. PROPOSED METHODOLOGIES

A. Blood Cancer Detection using Machine Learning

The proposed work aims to compare image processing techniques for the accurate detection of leukemia with
high accuracy. The process begins with the acquisition of microscopic blood cell images, typically from a
database like TCIA. These images undergo pre-processing to remove noise and enhance contrast, improving
their quality for analysis.

After pre-processing, image segmentation is performed to separate the cells of interest from the background.
Various segmentation techniques such as thresholding, watershed segmentation, and K-means clustering are
employed for this purpose. Feature extraction follows segmentation, where features such as cell area, perimeter,
centroid, bounding box, and others are calculated to characterize the cells.

Classification techniques like Support Vector Machine (SVM) and K Nearest Neighbour (KNN) are then used
to classify the cells and determine if leukemia is present. These techniques utilize the extracted features to make
predictions, with SVM achieving an accuracy of 97% and KNN achieving 91% in the proposed work.

The methodology flow involves several key steps:

1. Image Acquisition: Blood cell images are captured from a microscope, typically from a database like TCIA.

2. Pre-processing: Techniques like median filtering and histogram equalization are applied to improve image
quality and contrast.

3. Segmentation: Cells are separated from the background using methods like thresholding, watershed
segmentation, and K-means clustering.

4. Feature Extraction: Geometrical, statistical, and textural features of the cells are calculated to describe
their characteristics.

5. Classification: SVM and KNN classifiers are used to classify cells as either normal or leukemia-infected
based on the extracted features

The proposed methodology demonstrates promising results in the detection of leukemia from blood smear
images. By employing advanced image processing techniques and machine learning algorithms, the study
achieves high accuracy in classifying leukemia cells. Specifically, the SVM classifier achieves an accuracy of
97%, indicating its effectiveness in distinguishing between normal and leukemia-infected cells. The KNN
classifier also performs well, achieving an accuracy of 91%.

Moreover, the methodology provides detailed insights into the performance of the classifiers through various
metrics such as specificity, sensitivity, F1 score, and error rate. These metrics help in evaluating the robustness
and reliability of the classification models. The confusion matrix, which summarizes the classification results,
further enhances the understanding of the classifiers' performance.
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B. Blood Cancer Detection Using Improved Machine Learning Algorithm.

The proposed methodology for blood cancer detection using Effective Fuzzy C Means (EFCM) and Iterative
Morphological Process (IMP) with ensemble learning is a comprehensive approach aimed at improving the
accuracy and efficiency of blood cell image analysis. Here's a more detailed explanation of each step:

1.

Pre-processing: This step is crucial for enhancing the quality of blood cell images before segmentation. It
involves removing noise, correcting distortions, and enhancing relevant features. Pre-processing ensures
that the subsequent analysis is based on high-quality image data.

EFCM Segmentation: EFCM is a powerful clustering algorithm used for image segmentation. It groups
pixels with similar intensity values into clusters, effectively separating different regions in the image. By
assigning membership degrees to each pixel, EFCM generates a segmented image that highlights different
blood cell structures.

Iterative Morphological Process (IMP): IMP is employed after EFCM segmentation to further refine the
segmented image. It involves iterative application of morphological operations such as erosion and dilation.
These operations help in smoothing irregular borders, removing noise, and enhancing the overall quality of
the segmented image.

Feature Extraction: Once the image is segmented and refined, relevant features are extracted from the
segmented regions. These features could include shape, texture, and intensity characteristics of the blood
cell structures. Feature extraction is essential for creating a meaningful representation of the segmented
image.

Ensemble Learning for Classification: Ensemble learning is used to combine the predictions of multiple
models trained on the extracted features. This approach enhances the accuracy of classification by leveraging
the diversity of the individual models. The ensemble model can classify different types of blood cells with
high accuracy.

Evaluation: The proposed methodology is evaluated using various metrics such as Mean Square Error
(MSE) and Peak Signal-to-Noise Ratio (PSNR) to assess the quality of segmentation and classification. The
results are compared with existing algorithms to demonstrate the effectiveness of the proposed approach.

The results show that the proposed methodology significantly improves the accuracy of blood cancer detection
compared to existing algorithms. By integrating advanced image processing techniques with machine learning,
the proposed methodology offers a reliable and efficient approach for diagnosing blood cancers.

C.

Automated Diagnosis and Detection of Blood Cancer Using Deep Learning-Based

Approaches

The proposed methodology aims to automate the diagnosis of blood cancer using two Mixed Neural Networks
(MNNS) - a Multi-Layer Perceptron (MLP) and a Convolutional Neural Network (CNN) - along with transfer
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learning to identify key features in each image. The MNNs are used to address the limitations of fully connected
networks, which are prone to overfitting.

1.

Mixed Neural Networks (MNNs): MNNs are utilized as a combination of a Multi-Layer Perceptron (MLP)
and a Convolutional Neural Network (CNN). These networks are designed to capture both the global
features (MLP) and spatial hierarchies (CNN) present in the input images of blood smears, allowing for
more effective feature extraction and classification.

Transfer Learning: Transfer learning is employed to leverage pre-trained models, such as those trained on
large-scale image datasets like ImageNet. By fine-tuning these pre-trained models on the specific task of
blood cancer detection, the methodology aims to improve classification accuracy and reduce the need for
large, annotated datasets.

Dataset Collection: The dataset used for training and testing includes images of blood smears from both
healthy individuals and patients diagnosed with blood cancer. These images are sourced from the Kaggle
website, a platform for data science and machine learning datasets.

Preprocessing: The raw input training data undergoes preprocessing steps such as zooming, shearing,
flipping, and rescaling. These techniques help enhance the variability and robustness of the model by
augmenting the training data.

Model Training: The preprocessed data is fed into the MNN, which consists of several layers including
convolutional, pooling, flattening, and fully connected layers. These layers work together to extract features
from the input images and make predictions about the presence of blood cancer.

Ensemble Voting Classifier: After training the MNNSs, the final prediction is generated using an Ensemble
Voting Classifier. This classifier combines the predictions of the two MNNs using either hard voting (simple
majority) or soft voting (probability-based) to improve the overall accuracy of the model.

The proposed deep learning model shows promising results in detecting blood cancer from a small sample of a
patient's blood. The study highlights the importance of ongoing research and development in deep learning
algorithms for improved cancer detection.

D.

Automatic detection of white blood cancer from bone marrow microscopic images using

Convolutional Neural Networks

The methodology for training and evaluating the CNN model for automated blood cancer diagnosis involves
several key steps:

1.

Tenfold Cross-Validation: The entire dataset is divided into ten equal parts, with 90% of the data used for
training and the remaining 10% for testing in each fold of the cross-validation process. This helps in
evaluating the model's performance robustly.

Dataset Description: The dataset consists of two subsets. The first subset includes 90 images of patients
with B-Lineage Acute Lymphoblastic Leukemia (B-ALL), with background and nucleus masks provided
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for each ALL image. The second subset consists of 108 images from the ALL-IDB dataset, containing five
categories of white blood cells (WBCs): Eosinophils, Basophils, Neutrophils, Lymphocytes, and
Monocytes.

3. CNN Architecture: The CNN model used for classifying blood smear images has an input size of
227x227x3 (segmented cells with zero center normalization). It consists of five convolutional layers and
four fully connected layers, utilizing ReLU activation and proper weight initialization for enhanced learning.
Max-pooling layers with 3x3 window size and 2-pixel strides are used to reduce the spatial dimensions.

4. Transfer Learning: The AlexNet model with 25 layers is used as a starting point, which is further updated
with multiclass models SVM to differentiate WBCs into different categories for leukemia detection.
Transfer learning is employed due to limited data availability, aiming for faster learning.

5. Training Process: During training, 90% of the images are used with the CNN layers to learn features from
the input images. The training process involves passing the input images through the CNN layers, applying
filters to extract relevant details, and optimizing the network weights using backpropagation.

6. Validation: A 70-30% split is used for training and validation, respectively, on the ALL-IDB dataset. This
enables in comparing the model's overall performance on unseen data.

7. Data Analysis with MATLAB: MATLAB is used for data analysis, providing support for acquiring,
preprocessing, and analyzing data from external sources and databases. It offers a range of tools for
visualization and numerical computation, aiding in the analysis of complex multidimensional data.

8. Preprocessing: Data preprocessing includes handling null values, converting differentiated variables into
numerical variables using one-hot encoding, resizing images to [256, 256], and normalizing and categorizing
data into training and testing sets after feature selection.

Overall, the methodology combines advanced CNN architecture with transfer learning and rigorous cross-
validation to develop an accurate and efficient automated system for blood cancer diagnosis.

VII. CONCLUSION

The field of blood cancer detection and classification has seen significant advancements in recent years, thanks
to the integration of machine learning (ML) and deep learning techniques. ML algorithms like Support Vector
Machines, Decision Trees, Random Forests, and Naive Bayes have played a crucial role in processing large
datasets and identifying patterns that aid in accurate diagnosis. These algorithms have improved the efficiency
and accuracy of blood cancer detection, leading to more timely and effective treatments.

Deep learning, a subset of ML, has further revolutionized blood cancer detection through its ability to
automatically learn features from images. Convolutional Neural Networks (CNNs) have been particularly
effective in analyzing medical images like blood smears, eliminating the need for manual feature extraction.
Transfer learning has also been employed to enhance the performance of deep learning models, especially when
data is limited.
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The combination of ML and deep learning techniques has enabled healthcare professionals to detect and classify
various types of blood cancers, including leukemia, with unprecedented accuracy. Early detection facilitated by
these technologies has led to improved patient outcomes and more personalized treatment strategies. Despite
the challenges of data availability and model interpretability, the future holds great promise for the continued
advancement of ML and deep learning in blood cancer detection and classification, ultimately leading to more
effective diagnostic and treatment approaches.

VIIl. FUTURE SCOPE

The future scope of blood cancer detection and classification using machine learning (ML) and deep learning
techniques is incredibly promising. One area of focus is the development of more robust and interpretable deep
learning models. Researchers are working towards creating models that not only achieve high accuracy but also
provide clear explanations of their predictions. This would increase the acceptability and credibility of deep
learning systems in clinical settings, leading to more widespread adoption and improved patient care.

Another area of advancement is the integration of multi-modal data. By incorporating diverse data sources, such
as genomic information, clinical data, and radiological imaging, researchers aim to enhance the precision and
reliability of blood cancer detection models. Integrating these modalities with deep learning methods holds
promise for comprehensive disease characterization, allowing for more personalized treatment strategies based
on a patient's unique profile.

Additionally, future research will focus on addressing challenges related to data availability and clinical
validation. Efforts are underway to expand and diversify datasets, particularly for uncommon blood cancer
subtypes, to improve the performance and generalizability of ML and deep learning models. Clinical validation
of these models will be crucial for their integration into routine clinical practice, ensuring that they meet the
rigorous standards required for use in real-world healthcare settings. Overall, the future of blood cancer
detection using ML and deep learning is bright, with ongoing research poised to significantly improve diagnostic
accuracy and patient outcomes.

© 2024, IJSREM | www.ijsrem.com DOI: 10.55041/IJ]SREM32643 | Page 13



http://www.ijsrem.com/

&gl \3@
Z IISREM . . . e . . .
taﬁ International Journal of Scientific Research in Engineering and Management (IJSREM)
w Volume: 08 Issue: 05 | May - 2024 SJIF Rating: 8.448 ISSN: 2582-3930

IX. REFERENCES

[1] N. Saranyan, N. Kanthimathi, P. Ramya, N. Kowsalya and S. Mohanapriya, "Blood Cancer Detection using Machine Learning,"
2021 5th International Conference on Electronics, Communication and Aerospace Technology (ICECA), Coimbatore, India, 2021,
pp. 1-11, doi:10.1109/ICECA52323.2021.9675987.

[2] N. P. Dharani, G. Sujatha and R. Rani, "Blood Cancer Detection Using Improved Machine Learning Algorithm," 2023 International
Conference on Circuit Power and Computing Technologies (ICCPCT), Kollam, India, 2023, pp. 1136-1141, doi:
10.1109/ICCPCT58313.2023.10245375.

[3] J. B. Singh and V. Luxmi, "Automated Diagnosis and Detection of Blood Cancer Using Deep Learning-Based Approaches: A
Recent Study and Challenges," 2023 6th International Conference on Contemporary Computing and Informatics (IC3I), Gautam
Buddha Nagar, India, 2023, pp. 1187-1192, doi: 10.1109/IC3159117.2023.10398153.

[4] J. Jayachitra and N. Umarkathaf, "Blood Cancer Identification using Hybrid Ensemble Deep Learning Technique," 2023 Second
International Conference on Electronics and Renewable Systems (ICEARS), Tuticorin, India, 2023, pp. 1194-1198, doi:
10.1109/ICEARS56392.2023.10084996.

[5] R. Mosayebi, A. Ahmadzadeh, W. Wicke, V. Jamali, R. Schober and M. Nasiri-Kenari, "Early Cancer Detection in Blood Vessels
Using Mobile Nanosensors," in IEEE Transactions on NanoBioscience, vol. 18, no. 2, pp. 103-116, April 2019, doi:
10.1109/TNB.2018.2885463.

[6]K.M,R.D,P.M.R,L. R, S. K. S and S. Prakash K, "Automatic detection of white blood cancer from bone marrow microsco pic
images using Convolutional Neural Networks," 2023 International Conference on Intelligent Technologies for Sustainable Electric
and Communications Systems (iTech SECOM), Coimbatore, India, 2023, pp. 562-566, doi:
10.1109/iTechSECOM59882.2023.10435160

[7] M. Saritha, B. B. Prakash, K. Sukesh and B. Shrinivas, "Detection of blood cancer in microscopic images of human blood samples:
A review," 2016 International Conference on Electrical, Electronics, and Optimization Techniques (ICEEOT), Chennai, India, 2016,
pp- 596-600, doi: 10.1109/ICEEOT.2016.7754751.

[8] P. V. Rao and R. Rustum, "Acute Leukemia Types and Sub Types Detection," 2021 Third International Conference on Inventive
Research in Computing Applications (ICIRCA), Coimbatore, India, 2021, pp. 531-533, doi: 10.1109/ICIRCA51532.2021.9544748.

[9] A. k. K, K. P. C, E. D. K. Ruby, S. B and E. S. W, "Automatic Detecftion of White Blood Cancer From Blood Cells Using Novel
Machine Lerning Techniques," 2022 8th International Conference on Advanced Computing and Communication Systems (ICACCS),
Coimbatore, India, 2022, pp. 79-85, doi: 10.1109/ICACCS54159.2022.9785023

[10] Ananth, C., Tamilselvi, P., Joshy, S.A., Kumar, T.A. (2023). Blood Cancer Detection with Microscopic Images Using Machine
Learning. In: Deva Sarma, H.K., Piuri, V., Pujari, A.K. (eds) Machine Learning in Information and Communication Technology .
Lecture Notes in Networks and Systems, vol 498. Springer, Singapore. https://doi.org/10.1007/978-981-19-5090-2 4

© 2024, IJSREM | www.ijsrem.com DOI: 10.55041/IJ]SREM32643 | Page 14



http://www.ijsrem.com/

