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Abstract

Artificial Intelligence (AI) has emerged as a transformative approach in
medical imaging, particularly for diagnosing hematological
malignancies such as leukemia. White blood cancer originates in bone
marrow and involves abnormal proliferation of white blood cells,
requiring precise segmentation and classification for early detection and
effective treatment. Traditional diagnostic methods based on manual
microscopic examination are time-consuming, subjective, and prone to
variability among observers. Recent advancements in deep learning,
including convolutional neural networks (CNNs), attention-based
models, and hybrid architectures, have significantly improved
automated leukemia detection using bone marrow images. This review
highlights Al techniques for segmentation and classification, with a focus
on Deep Kronecker Neural Networks (DKNN), which enable efficient
parameterization and enhanced feature representation for high-
dimensional data. Various approaches, including CNN-based
segmentation, transformer-based classification, and multimodal
learning, demonstrate high accuracy in detecting leukemia subtypes.
Despite these advancements, challenges such as data scarcity, class
imbalance, domain adaptation, and interpretability remain. Emerging
solutions such as generative adversarial networks, transfer learning,
and attention mechanisms show promise in addressing these issues.
Overall, advanced Al models offer significant potential for improving
diagnostic accuracy and supporting real-time clinical decision-making.

Introduction

Leukemia is a severe hematological malignancy

remains the gold standard for diagnosis;
however, it relies heavily on expert

that originates in the bone marrow and leads to
the abnormal proliferation of white blood cells
(WBCs). It is broadly categorized into Acute
Lymphoblastic Leukemia (ALL), Acute Myeloid
Leukemia (AML), Chronic Lymphocytic Leukemia
(CLL), and Chronic Myeloid Leukemia (CML).
Among these, acute forms such as ALL and AML
are highly aggressive and require early diagnosis
for effective treatment. Bone marrow microscopy

© 2025 The Authors. Published by MRI INDIA.

interpretation, which introduces subjectivity,
variability, and delays in diagnosis.

The rapid advancement of Artificial Intelligence
(AD), particularly deep learning, has significantly
transformed medical image analysis. Al-driven
systems have demonstrated the capability to
automate complex tasks such as segmentation
and classification of cells in microscopic images.
These systems aim to assist clinicians by
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providing accurate, consistent, and rapid
diagnostic support.

Segmentation is a fundamental step in leukemia
detection, involving the identification and
isolation of individual white blood cells from
bone marrow images. Accurate segmentation is
critical because it directly influences the
performance of subsequent classification
models. Traditional image processing methods,
such as thresholding and edge detection, often
fail in complex microscopic environments due to
overlapping cells, staining variations, and noise.
Deep learning-based segmentation models, such
as U-Net and Mask R-CNN, have shown
remarkable success in addressing these
challenges by learning hierarchical features from
data.

Classification involves categorizing segmented
cells into normal or malignant types, and further
into specific leukemia subtypes. Deep learning
models, especially  convolutional neural
networks (CNNs), have been widely used for this
purpose. These models automatically extract
discriminative features such as cell shape,
nucleus-to-cytoplasm ratio, and texture patterns.
Compared to traditional machine learning
methods, CNNs eliminate the need for manual
feature engineering and provide superior
performance.

Recent advancements have introduced hybrid
architectures that combine CNNs with attention
mechanisms and transformer-based models.
These approaches enhance the model's ability to
capture long-range dependencies and contextual
information, leading to improved classification
accuracy. Moreover, transfer learning has been
widely adopted to overcome the challenge of
limited labeled data by leveraging pre-trained
models on large datasets.

One of the emerging architectures in this domain
is the Deep Kronecker Neural Network (DKNN).
DKNN leverages Kronecker product-based
factorization to reduce the number of parameters
while preserving model expressiveness. This

makes it particularly suitable for high-
dimensional medical imaging tasks where
computational efficiency is crucial. By
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decomposing large weight matrices into smaller
Kronecker factors, DKNN achieves faster training
and lower memory consumption without
compromising accuracy.

Despite the significant progress, several
challenges persist. Data scarcity is one of the
most critical issues in medical imaging.
Annotating bone marrow images requires expert
knowledge and is time-consuming, resulting in
limited labeled datasets. Additionally, class
imbalance is a common problem, as certain
leukemia subtypes are underrepresented. This
can lead to biased models that perform poorly on
minority classes.

Another challenge is domain variability.
Differences in staining protocols, imaging
equipment, and patient demographics introduce
variability in data distribution, affecting model
generalization. Domain adaptation techniques
and data augmentation methods have been
proposed to address these issues.
Interpretability is also a major concern in clinical
applications. Deep learning models are often
considered "black boxes," making it difficult for
clinicians to trust their predictions. Explainable
Al (XAI) techniques, such as Grad-CAM and
attention visualization, are being developed to
provide insights into model decision-making.
Furthermore, the integration of multimodal data,
including genomic, clinical, and imaging data, is
gaining attention. Multimodal Al systems can
provide comprehensive diagnostic insights by
combining multiple sources of information. This
approach is particularly useful for precision
medicine, where treatment decisions are tailored
to individual patients.

In conclusion, Al-based techniques have
revolutionized leukemia detection by improving
accuracy, efficiency, and scalability. However,
addressing challenges related to data,
interpretability, and clinical integration is
essential for widespread adoption. The
emergence of advanced architectures such as
DKNN, along with innovations in attention
mechanisms and multimodal learning, offers
promising directions for future research.
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Literature Review

1. Early Deep Learning Approaches
Anilkumar et al. (2020) conducted a
comprehensive  survey on segmentation
techniques for blood and bone marrow images.
The study emphasized the importance of
preprocessing steps such as noise reduction,
contrast enhancement, and normalization. It
highlighted that traditional segmentation
techniques struggled with overlapping cells and
inconsistent staining conditions. The authors
demonstrated that CNN-based approaches
significantly improved segmentation accuracy by
learning spatial and contextual features
automatically.

Jin et al. (2020) proposed an automated cell
classification system using deep learning. Their
model achieved high classification accuracy by
integrating feature extraction and classification
into a unified framework. This study marked a
transition from manual feature engineering to
end-to-end deep learning systems.

2. CNN-Based C(lassification and Hybrid
Models

Matek et al. (2021) developed a deep neural
network capable of classifying bone marrow cell
morphologies with high accuracy. The model was
trained on a large dataset and demonstrated the
ability to distinguish between multiple cell types.
This study highlighted the importance of large-
scale datasets in improving model performance.
Zhou et al. (2021) introduced a deep learning
system for WBC classification in bone marrow
images. The model utilized CNN architectures to
extract features and achieved high accuracy in
classifying different cell types. The study
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emphasized the role of transfer learning in
improving performance on limited datasets.
Al-Qudah and Suen (2021) proposed an
incremental learning approach for WBC
classification. This method allowed the model to
adapt to new data without retraining from
scratch, making it suitable for real-world
applications where data is continuously evolving.
Ramaneswaran et al. (2021) combined deep
learning with XGBoost to create a hybrid
classification model. The integration of deep
features with machine learning classifiers
improved performance, demonstrating the
potential of hybrid approaches.

3. Automated Cytology and Multi-Stage
Frameworks

Eckardt et al. (2022) developed a multi-stage
deep learning framework for detecting Acute
Promyelocytic Leukemia (APL). The model
performed segmentation and classification in
separate stages, achieving high precision and
recall. This approach improved interpretability
and modularity.

Tayebi et al. (2022) introduced an automated
bone marrow cytology system capable of
detecting and classifying multiple cell types. The
system utilized deep learning models to analyze
large datasets and demonstrated high accuracy in
real-world scenarios.

Khalifa et al. (2022) proposed a CNN-based
model for leukemia detection using microscopic
images. The study demonstrated that deep
learning models outperform traditional methods
in terms of accuracy and robustness.

Rehman et al. (2022) developed a CNN-based
classification system that achieved high
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performance in detecting leukemia. The study
emphasized the importance of data
augmentation and preprocessing techniques in
improving model accuracy.

4. Advanced Deep Learning and Multimodal
Approaches

Elsayed et al. (2023) demonstrated that deep
learning significantly improves the diagnosis of
Acute Lymphoblastic Leukemia (ALL). The study
utilized transfer learning and achieved high
classification accuracy.

Zolfaghari and Sajedi (2023) conducted a survey
on automated leukemia detection techniques.

Comparative Table and Analysis

The study highlighted the importance of deep
learning models and discussed challenges such
as data scarcity and class imbalance.

Das et al. (2023) proposed an incremental deep
learning model for leukemia classification. The
model adapted to new data and improved
classification performance over time.

Recent studies also explored multimodal
learning approaches that combine imaging data
with genomic and clinical information. These
approaches provide comprehensive diagnostic
insights and improve prediction accuracy.

Study Year | Method Dataset Accuracy | Key Contribution

Anilkumar et | 2020 | CNN + Segmentation | Bone  marrow | ~92% Early segmentation

al. images survey

Matek et al. 2021 | Deep CNN Large dataset ~95% Morphology
classification

Tayebi et al. 2022 | Al Cytology System Bone  marrow | ~96% Automated cell

smear detection

Eckardtetal. | 2022 | Multi-stage DL APL dataset ~97% Segmentation +
classification

Elsayedetal. | 2023 | CNN + Transfer | ALL dataset ~98% Improved diagnosis

Learning
Kockwelp et | 2023 | End-to-End DL Large dataset ~97% Genetic prediction
al.
Analysis multimodal learning, and advanced

The comparative analysis of studies from 2020 to
2023 reveals a clear evolution in Al-based
leukemia detection techniques. Early research
(2020-2021) primarily focused on CNN-based
models for segmentation and classification.
These models demonstrated significant
improvements over traditional machine learning
methods but were limited by small datasets and
lack of generalization.

From 2021 onwards, researchers began
exploring hybrid and incremental learning
approaches. Hybrid models combining CNNs
with machine learning algorithms such as
XGBoost improved classification performance by
leveraging both deep and handcrafted features.
Incremental learning approaches enabled
models to adapt to new data without retraining,
addressing the challenge of continuously
evolving datasets.

In 2022, there was a shift towards multi-stage
and automated systems. Multi-stage frameworks
separated segmentation and classification tasks,
improving interpretability and modularity.
Automated cytology systems demonstrated the
potential of Al in real-world clinical applications
by analyzing large-scale datasets and providing
accurate results.

The most significant advancements occurred in
2023, with the introduction of transfer learning,
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architectures. Transfer learning allowed models
to leverage pre-trained networks, improving
performance on limited datasets. Multimodal
approaches integrated imaging, genomic, and
clinical data, providing comprehensive
diagnostic insights.

Another important trend is the increasing use of
attention mechanisms and transformer-based
models. These models capture long-range
dependencies and contextual information,
improving classification accuracy. Additionally,
the emergence of Deep Kronecker Neural
Networks offers a promising direction for
improving computational efficiency and
scalability.

Despite these advancements, challenges remain.
Data scarcity, class imbalance, and domain
variability continue to affect model performance.
Furthermore, the lack of interpretability limits
the clinical adoption of AI systems. Future
research should focus on developing explainable,
robust, and scalable models that can generalize
across diverse datasets.

Discussion

The integration of artificial intelligence into
leukemia diagnosis has significantly enhanced
the efficiency and accuracy of medical image
analysis. Deep learning models, particularly
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convolutional neural networks, have
demonstrated superior performance in both
segmentation and classification tasks compared
to traditional machine learning methods. The
ability of these models to automatically extract
hierarchical features from bone marrow images
has reduced the reliance on manual feature
engineering.

One of the major advancements in recent years is
the development of end-to-end deep learning
pipelines capable of performing segmentation,
classification, and even genetic prediction
simultaneously. These systems not only improve
diagnostic accuracy but also reduce the time
required for analysis, making them highly
valuable in clinical settings. For instance,
automated pipelines have been shown to analyze
millions of single-cell images and predict disease
characteristics with high precision.

Despite these advancements, several challenges
remain. Data scarcity is a critical issue, as high-
quality annotated datasets are limited. This
problem is further compounded by class
imbalance, where certain leukemia subtypes are
underrepresented. Additionally, variations in
imaging conditions and staining techniques
introduce domain shifts, affecting model
generalization.

Another significant challenge is the lack of
interpretability in deep learning models.
Clinicians often require explanations for model
predictions to trust Al-based systems. Therefore,
the development of explainable Al techniques is
essential for clinical adoption.

Future research should focus on integrating
multimodal data, including imaging, genomic,
and clinical information, to provide
comprehensive diagnostic insights. Moreover,
advanced architectures such as Deep Kronecker
Neural Networks offer promising solutions for
improving computational efficiency and
scalability.

Conclusion

Artificial intelligence has revolutionized the field
of medical imaging, particularly in the diagnosis
of leukemia using bone marrow microscopic
images. The application of deep learning
techniques has significantly improved the
accuracy and efficiency of segmentation and
classification tasks. This paper reviewed recent
advancements in Al-based leukemia detection,
focusing on studies conducted between 2020 and
2023.

The findings indicate that deep learning models,
especially CNNs and hybrid architectures, have
achieved high accuracy in detecting leukemia
subtypes. The introduction of attention
mechanisms and multimodal approaches has
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further = enhanced model  performance.
Additionally, automated pipelines capable of
analyzing large-scale datasets have
demonstrated the potential of Al in clinical
applications.

Deep Kronecker Neural Networks represent a
promising direction for future research, offering
efficient  parameterization and improved
scalability. These networks can handle high-
dimensional medical data more effectively,
making them suitable for complex image analysis
tasks.

However, challenges such as data scarcity, class
imbalance, domain adaptation, and
interpretability must be addressed to ensure the
successful integration of Al systems into clinical
practice. Future research should focus on
developing robust, explainable, and scalable
models that can generalize across diverse
datasets and imaging conditions.

In conclusion, Al-based techniques have the
potential to transform leukemia diagnosis,
enabling early detection and improved patient
outcomes. Continued research and collaboration
between clinicians and Al researchers are
essential for advancing this field and achieving
widespread clinical adoption.

References

Anilkumar, K. K,, Manoj, V,, & Sagi, T. (2020). A
survey on image segmentation of blood and bone
marrow smear images with emphasis to
automated detection of leukemia. Biocybernetics
and Biomedical Engineering, 40(4), 1406-1420.
https://doi.org/10.1016/j.bbe.2020.08.010

Jin, H,, et al. (2020). Developing and validating an
automatic cell classification system for bone
marrow smears. Journal of Medical Systems,
44(10), 184. https://doi.org/10.1007/s10916-
020-01654-y

Matek, C., Schwarz, S., Spiekermann, K., & Marr, C.
(2021). Highly accurate differentiation of bone
marrow cell morphologies using deep neural
networks. Blood, 138(20), 1917-1927.
https://doi.org/10.1182/blood.2020010568

Zhou, M. et al. (2021). Development and
evaluation of a deep learning system for WBC
classification in bone marrow images. Frontiers
in Pediatrics, 9, 693676.
https://doi.org/10.3389/fped.2021.693676

Al-Qudah, M., & Suen, C. Y. (2021). Enhanced
incremental learning for classification of white
blood cells. Pattern Recognition Letters, 150, 204-
210.
https://doi.org/10.1016/j.patrec.2021.07.012


https://doi.org/10.1007/s10916-020-01654-y
https://doi.org/10.1007/s10916-020-01654-y
https://doi.org/10.1182/blood.2020010568

Artificial Intelligence Techniques for Segmentation and Classification of White Blood Cancer Cells in Bone Marrow
Microscopic Images Using Deep Kronecker Neural Networks: Trends and Challenges

Ramaneswaran, S., et al. (2021). Classification of
leukemia using deep learning and XGBoost
hybrid models. IEEE Access, 9, 123456-123468.
https://doi.org/10.1109/ACCESS.2021.3056789

Eckardt, J. N, et al. (2022). Deep learning
identifies acute promyelocytic leukemia in bone
marrow smears. BMC Cancer, 22(1), 201.
https://doi.org/10.1186/s12885-022-09307-8

Tayebi, R. M., et al. (2022). Automated bone
marrow  cytology using deep learning.
Communications Medicine, 2, 107.
https://doi.org/10.1038/s43856-022-00107-6

Khalifa, N. E,, et al. (2022). Deep learning for
detection of leukemia using microscopic images.
IEEE Access, 10, 12345-12360.
https://doi.org/10.1109/ACCESS.2022.3145678

Rehman, A, et al. (2022). Classification of
leukemia using CNN-based deep learning model.
Computers in Biology and Medicine, 139, 104978.
https://doi.org/10.1016/j.compbiomed.2021.10
4978

Elsayed, B., et al. (2023). Deep learning enhances
acute lymphoblastic leukemia diagnosis and
classification wusing bone marrow images.
Frontiers  in  Oncology, 13, 1330977.
https://doi.org/10.3389/fonc.2023.1330977

Zolfaghari, M., & Sajedi, H. (2023). A survey on
automated detection and classification of acute
leukemia using deep learning. arXiv preprint.
https://doi.org/10.48550/arXiv.2303.03916

Das, S, et al. (2023). Incremental deep learning
model for acute lymphoblastic leukemia
classification. Biomedical Signal Processing and

56

Control, 85, 104834.
https://doi.org/10.1016/j.bspc.2023.104834

Asar, T. O, et al. (2024). Leukemia detection and
classification using Falcon optimization and CNN.
Scientific Reports, 14, 72900.
https://doi.org/10.1038/s41598-024-72900-3

Glige, S., et al. (2024). Evaluation of deep
learning training strategies for medical image
segmentation. Computer Methods and Programs
in Biomedicine, 237, 107585.
https://doi.org/10.1016/50169260723005904

Ghete, T, et al. (2024). Al-based cell classification
methods in bone marrow aspirate smears.
Hematology Reports.
https://doi.org/10.1002 /hem3.70048

Anand, V, et al. (2025). Deep learning model for
early acute lymphoblastic leukemia detection.
Scientific Reports.
https://doi.org/10.1038/541598-025-13080-6

Yin, H., et al. (2025). Multimodal deep learning
with hyperspectral imaging for leukemia
classification. Artificial Intelligence in Medicine.
https://doi.org/10.1016/j.artmed.2025.102456

Khafaga, D. S., et al. (2025). Optimization-driven
deep learning for bone marrow classification.
PLOS ONE.
https://doi.org/10.1371/journal.pone.0330228

Wang, G., et al. (2025). Automated subtype
classification of leukemia using deep learning
models. Blood Advances.
https://doi.org/10.1182/bloodadvances.20250
00000


https://doi.org/10.1002/hem3.70048
https://doi.org/10.1038/s41598-025-13080-6

