
International Journal of Advanced Electrical and Electronics Engineering 

© 2025 The Authors. Published by MRI INDIA.   
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/). 

 
 

Recent Advances in Segmentation and Classification of White Blood 
Cancer Cells in Bone Marrow Microscopic Images Using Deep 
Kronecker Neural Networks: A Systematic Review 
 

Nadezhda El-Masry 
Professor, Department of Computer Science and Engineering, Padma Institute of Business and Management, 
Bangladesh 
Email: nadezhda.el.masry@pibm-bd.org 
 

Peer Review Information  
  

Submission: 05 Oct 2025  

Revision: 25 Oct 2025 

Acceptance: 09 Nov 2025 
 

Keywords  
  

Leukemia, Bone Marrow 
Imaging, Deep Learning, 
Kronecker Neural Networks, 
White Blood Cell 
Segmentation, Cancer 
Classification 

 

Abstract 

White blood cancer, particularly leukemia, originates in the bone 
marrow and leads to abnormal proliferation of white blood cells, 
significantly affecting the immune system. Accurate segmentation and 
classification of cancerous cells in bone marrow microscopic images are 
essential for early diagnosis and effective treatment planning. 
Traditional diagnostic approaches rely on manual examination by 
hematologists, which is time-consuming, subjective, and prone to 
variability. 
Recent advancements in artificial intelligence, particularly deep 
learning, have enabled automated and highly accurate analysis of 
microscopic images. Convolutional Neural Networks (CNNs), U-Net 
variants, and hybrid models have demonstrated significant success in 
white blood cell segmentation and leukemia classification. More 
recently, Deep Kronecker Neural Networks have emerged as an efficient 
approach for handling high-dimensional data by reducing 
computational complexity while preserving structural information. 
This systematic review analyzes recent studies from 2020 to 2023, 
focusing on segmentation and classification techniques for white blood 
cancer detection. Comparative analysis reveals that hybrid deep 
learning models and attention-based architectures achieve high 
accuracy, often exceeding 98%. However, challenges such as data 
scarcity, class imbalance, and lack of interpretability remain. Future 
research should focus on developing efficient, explainable, and clinically 
deployable AI systems for bone marrow image analysis. 
 

 
Introduction  
Leukemia, commonly referred to as white blood 
cancer, is a severe hematological malignancy 
characterized by the abnormal proliferation of 
white blood cells (WBCs) in the bone marrow and 
peripheral blood. It disrupts normal 
hematopoiesis, leading to deficiencies in red 
blood cells, platelets, and functional leukocytes, 
thereby compromising the immune system and 
increasing susceptibility to infections, anemia, 

and hemorrhage. Leukemia is broadly classified 
into acute and chronic types, including Acute 
Lymphoblastic Leukemia (ALL), Acute Myeloid 
Leukemia (AML), Chronic Lymphocytic Leukemia 
(CLL), and Chronic Myeloid Leukemia (CML). 
Early and accurate diagnosis is critical for 
determining appropriate treatment strategies 
and improving patient survival rates. 
Bone marrow microscopic imaging is a 
fundamental diagnostic tool for leukemia 
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detection. It provides detailed visualization of 
cellular morphology, including nucleus shape, 
cytoplasm texture, chromatin patterns, and cell 
distribution. Traditionally, hematologists 
manually examine bone marrow smears under a 
microscope to identify abnormal cells. While 

effective, this approach is highly labor-intensive, 
time-consuming, and subject to inter-observer 
variability. Moreover, the increasing volume of 
medical imaging data has made manual analysis 
impractical in modern clinical workflows.

 
 

 
 
The advent of Artificial Intelligence (AI), 
particularly deep learning, has revolutionized 
medical image analysis by enabling automated 
and efficient processing of complex visual data. 
Deep learning models can learn hierarchical 
feature representations directly from raw 
images, eliminating the need for handcrafted 
feature extraction. Among these models, 
Convolutional Neural Networks (CNNs) have 
been widely adopted for segmentation and 
classification tasks in medical imaging. CNNs are 
highly effective in capturing local spatial features 
such as edges, textures, and intensity variations, 
making them suitable for analyzing microscopic 
images of white blood cells. 
Despite their success, CNN-based models face 
several challenges in bone marrow image 
analysis. One of the primary challenges is the 
presence of overlapping and clustered cells, 
which complicates segmentation tasks. 
Additionally, variations in cell morphology, 
staining techniques, and imaging conditions 
introduce significant variability, making it 
difficult for CNNs to generalize across different 
datasets. CNNs also have limited capability in 
capturing global contextual relationships, which 
are essential for understanding complex cellular 
structures. 

To address these limitations, advanced 
architectures such as U-Net and its variants have 
been developed for precise segmentation of 
white blood cells. U-Net employs an encoder–
decoder architecture with skip connections that 
preserve spatial information, enabling accurate 
localization of cells. Variants such as U-Net++, 
Attention U-Net, and Residual U-Net have further 
improved segmentation performance by 
incorporating advanced feature extraction and 
attention mechanisms. 
In addition to segmentation, classification of 
leukemia subtypes is a critical step in diagnosis. 
Deep learning models have been successfully 
applied to classify white blood cells based on 
morphological features. Hybrid models 
combining CNNs with other techniques, such as 
ensemble learning and attention mechanisms, 
have demonstrated improved classification 
accuracy and robustness. 
A significant recent advancement in this domain 
is the introduction of Deep Kronecker Neural 
Networks (DKNNs). These networks leverage 
Kronecker product-based representations to 
efficiently model high-dimensional data. Unlike 
traditional neural networks, DKNNs decompose 
large weight matrices into smaller Kronecker 
factors, reducing computational complexity and 
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memory requirements. This makes them 
particularly suitable for analyzing high-
resolution microscopic images, where data 
dimensionality is high. 
DKNNs offer several advantages: 

 Reduced number of parameters 
 Improved computational efficiency 
 Preservation of structural relationships in 

data 
 Enhanced scalability for large datasets 

Recent studies have demonstrated that hybrid 
models combining DKNNs with CNNs and 
WideResNet architectures achieve superior 
performance in leukemia detection tasks. These 
models effectively handle high-dimensional data 
while maintaining high accuracy. 
Another emerging trend is the integration of 
attention mechanisms and Transformer-based 
architectures in microscopic image analysis. 
These models improve feature representation by 
capturing both local and global dependencies, 
enabling better handling of complex cellular 
structures. 

Despite these advancements, several challenges 
remain. Data scarcity is a major issue, as 
annotated medical datasets are limited and 
require expert labeling. Class imbalance is 
another challenge, as certain leukemia subtypes 
are underrepresented in datasets. Variability in 
staining techniques and imaging conditions 
further complicates model generalization. 
Interpretability is also a critical concern in 
clinical applications. Deep learning models are 
often considered “black boxes,” making it difficult 
for clinicians to trust their predictions. 
Explainable AI techniques are being developed to 
address this issue by providing insights into 
model decision-making. 
This systematic review aims to provide a 
comprehensive analysis of recent advancements 
in segmentation and classification of white blood 
cancer cells using deep learning techniques, with 
a particular focus on Deep Kronecker Neural 
Networks. The study highlights key trends, 
compares different methodologies, and identifies 
research gaps and future directions. 

 
Literature Review  
 

 
 
The literature from 2020 to 2023 demonstrates 
rapid advancements in AI-based leukemia 
detection, driven by improvements in deep 
learning architectures and computational 
techniques. 
1. CNN-Based Approaches  
In 2020, CNN-based models dominated leukemia 
detection tasks. These models were effective in 
extracting spatial features and achieved high 
classification accuracy. Architectures such as 
ResNet and DenseNet were widely used for 
feature extraction and classification. 
However, CNNs faced challenges in handling 
overlapping cells and complex morphological 
variations. Their reliance on local receptive fields 
limited their ability to capture global contextual 

information, which is essential for accurate 
classification. 
2. Hybrid Models and Attention Mechanisms  
In 2021, hybrid models combining deep learning 
with traditional image processing techniques 
gained popularity. These models improved 
segmentation accuracy by integrating multiple 
techniques, such as thresholding, watershed 
algorithms, and morphological operations. 
Attention mechanisms were introduced to 
enhance feature representation. Attention-based 
models focused on relevant regions of images, 
improving classification accuracy and reducing 
false positives. 
3. Multi-Stage and Ensemble Models  
In 2022, multi-stage deep learning frameworks 
were developed to improve performance. These 
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models combined preprocessing, segmentation, 
feature extraction, and classification into a 
unified pipeline. 
Ensemble learning approaches combined 
multiple models to improve robustness and 
generalization. These methods achieved higher 
accuracy compared to single-model approaches. 
Additionally, data augmentation and transfer 
learning techniques were widely used to address 
data scarcity and improve model performance. 
4. Transformer-Based and Advanced 
Segmentation Models  
In 2023, Transformer-based architectures gained 
attention for their ability to capture global 
dependencies. These models improved 
classification accuracy by modeling relationships 
between distant regions in images. 
Advanced segmentation models, such as U-Net++ 
and Attention U-Net, achieved high performance 
in segmenting white blood cells, with Dice scores 
exceeding 98%. 

5. Deep Kronecker Neural Networks  
Deep Kronecker Neural Networks represent a 
significant advancement in leukemia detection. 
These models reduce computational complexity 
while preserving structural relationships in high-
dimensional data. 
Hybrid DKNN-based models have demonstrated 
improved performance in segmentation and 
classification tasks, making them suitable for 
large-scale medical imaging applications. 
6. Key Observations from Literature 

 CNNs provide strong baseline 
performance 

 Hybrid models improve accuracy and 
robustness 

 U-Net variants dominate segmentation 
tasks 

 Transformer models enhance global 
feature extraction 

 DKNNs improve efficiency and scalability 

 
Comparative Table  

Author Year Model Technique Dataset Performance 
Das et al. 2021 Hybrid DL CNN + segmentation ALL-IDB High accuracy 
Jan et al. 2023 U-Net++ + 

ODE 
Hybrid 
segmentation 

ALL-IDB Dice 98.36% 

Zhang et al. 2020 CNN Feature extraction Blood smear High accuracy 
Li et al. 2022 Ensemble CNN Multi-stage Leukemia 

dataset 
Improved 
robustness 

Chen et al. 2023 Transformer Attention-based MRI/Smear High accuracy 
Ramesh et 
al. 

2023 Kronecker Net Efficient DL Blood smear Improved efficiency 

 
Comparative Analysis  
The comparative analysis of segmentation and 
classification techniques for white blood cancer 
detection reveals significant advancements in 
model architectures, performance, and 
computational efficiency.CNN-based models are 
highly effective in extracting local features such 
as edges and textures. However, they struggle 
with overlapping cells and complex 
morphological variations. Their inability to 
capture global dependencies limits their 
performance in complex scenarios.Hybrid 
models address these limitations by combining 
CNNs with traditional image processing 
techniques. These models improve segmentation 
accuracy and robustness but often require 
complex pipelines and increased computational 
resources.U-Net and its variants dominate 
segmentation tasks due to their ability to 
preserve spatial information and accurately 
localize cells. Attention-based U-Net models 
further enhance performance by focusing on 
relevant regions.Transformer-based models 
provide a significant advantage in capturing 
global dependencies. These models improve 

classification accuracy but require high 
computational resources.Deep Kronecker Neural 
Networks offer a unique advantage by reducing 
computational complexity while maintaining 
accuracy. These models are particularly suitable 
for high-dimensional data and large-scale 
applications. 
Overall, hybrid models and DKNN-based 
approaches represent the most promising 
direction for future research, offering a balance 
between accuracy, efficiency, and scalability. 
 
Discussion  
Recent advancements in deep learning have 
significantly improved the accuracy and 
efficiency of white blood cancer detection using 
bone marrow microscopic images. U-Net-based 
architectures and hybrid models have 
demonstrated exceptional performance in 
segmentation tasks, achieving high Dice scores 
and improved localization accuracy. These 
models effectively address challenges such as 
overlapping cells and variations in cell 
morphology. 
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Transformer-based architectures have further 
enhanced classification performance by 
capturing global dependencies and improving 
feature representation. These models are 
particularly useful in analyzing complex medical 
images with heterogeneous structures. 
Deep Kronecker Neural Networks represent a 
promising advancement in this field. By reducing 
computational complexity and preserving 
structural information, these models enable 
efficient processing of high-dimensional data. 
This makes them suitable for real-time clinical 
applications. 
Despite these advancements, several challenges 
remain. Data scarcity and class imbalance 
continue to affect model performance. 
Additionally, variability in imaging conditions 
and lack of standardization across datasets 
hinder model generalization. Interpretability is 
another critical issue, as clinicians require 
transparent models for decision-making. 
Future research should focus on developing 
lightweight models, improving data 
augmentation techniques, and integrating 
explainable AI methods. The combination of 
advanced architectures and optimization 
techniques will play a crucial role in advancing 
automated leukemia detection systems. 
 
Conclusion  
This systematic review highlights the rapid 
advancements in segmentation and classification 
of white blood cancer cells using deep learning 
techniques. CNN-based models laid the 
foundation for automated analysis, while hybrid 
and U-Net-based architectures significantly 
improved segmentation accuracy. 
Transformer-based models and Deep Kronecker 
Neural Networks represent the latest 
advancements, offering improved performance 
and computational efficiency. These models have 
the potential to revolutionize medical image 
analysis and enable real-time clinical 
applications. 
However, challenges such as data scarcity, 
computational complexity, and lack of 
interpretability remain significant barriers to 
clinical adoption. Addressing these challenges is 
essential for developing reliable and scalable AI 
systems. 
Future research should focus on integrating 
multi-modal data, developing explainable AI 
models, and improving generalization across 
diverse datasets. With continued advancements, 
AI-based systems have the potential to 
significantly improve the accuracy and efficiency 
of leukemia diagnosis, ultimately enhancing 
patient outcomes. 
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