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Abstract 

Artificial Intelligence (AI) has significantly advanced medical image 
analysis, particularly in diagnosing hematological malignancies such as 
leukemia, where early and accurate detection is vital for improving 
patient outcomes. Leukemia originates in the bone marrow and involves 
abnormal proliferation of white blood cells, making microscopic 
examination essential but often labor-intensive, subjective, and prone to 
variability among clinicians. This survey reviews recent developments 
from 2020 to 2023 in deep learning-based methods for segmentation 
and classification of cancerous white blood cells in bone marrow 
microscopic images. Advanced architectures, including Convolutional 
Neural Networks (CNNs), U-Net, Mask R-CNN, and transformer-based 
models, have demonstrated superior performance by automatically 
extracting complex features and improving classification accuracy, 
precision, and recall compared to traditional techniques. The survey also 
highlights emerging approaches such as Deep Kronecker Neural 
Networks (DKNN), which reduce computational complexity while 
preserving strong representational capabilities, making them suitable 
for high-dimensional medical data. Additionally, innovations like 
attention mechanisms, multimodal learning, and automated cytology 
systems have enhanced diagnostic efficiency and accuracy. Despite these 
advancements, challenges such as limited annotated datasets, class 
imbalance, domain variability, and lack of model interpretability persist. 
The study concludes by emphasizing future research directions, 
including explainable AI, integration of multimodal data, and 
development of real-time, clinically deployable systems to support 
reliable and efficient leukemia diagnosis. 
 

 
Introduction  
Leukemia is a diverse group of hematological 
malignancies characterized by the uncontrolled 
proliferation of abnormal white blood cells in the 
bone marrow and peripheral blood, disrupting 
normal hematopoiesis and leading to 
complications such as anemia, infections, and 
bleeding disorders. It remains one of the most 

common cancers worldwide, particularly 
affecting children and the elderly, making early 
and accurate diagnosis essential for improving 
survival rates. Traditionally, diagnosis depends 
on microscopic examination of bone marrow and 
blood smears, where hematologists assess 
morphological features such as nuclear structure 
and cytoplasmic characteristics. However, this 
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manual approach is time-consuming, labor-
intensive, and subject to variability among 
experts, often resulting in inconsistencies and 
potential misclassification, especially when 
distinguishing between similar leukemia 
subtypes. 
The rapid advancement of Artificial Intelligence, 
particularly deep learning, has transformed 
medical image analysis by enabling automated 
and highly accurate diagnostic systems. In 
leukemia detection, AI techniques primarily 
focus on segmentation and classification tasks. 
Segmentation involves isolating individual cells 
or regions of interest from complex microscopic 
images that often contain overlapping cells, 
irregular shapes, and staining inconsistencies. 
Traditional image processing methods struggle 
under these conditions due to their limited 
ability to capture contextual information. In 
contrast, deep learning-based models, especially 
encoder–decoder architectures like U-Net and its 
advanced variants such as Attention U-Net and 
Residual U-Net, have demonstrated superior 
performance by learning hierarchical features 
and accurately delineating cell boundaries. 
Following segmentation, classification models 
categorize cells into normal or malignant types 
and further into specific leukemia subtypes. 
Convolutional Neural Networks, including 
architectures like ResNet, DenseNet, and 

EfficientNet, dominate this task due to their 
ability to automatically extract discriminative 
features from images. Recent developments have 
introduced hybrid approaches combining CNNs 
with machine learning classifiers such as Support 
Vector Machines and XGBoost, as well as transfer 
learning techniques to address limited annotated 
datasets. Additionally, transformer-based 
architectures and attention mechanisms have 
enhanced performance by capturing global 
dependencies and contextual relationships, 
while multimodal learning integrates imaging 
data with genomic and clinical information for 
more comprehensive diagnosis. 
Emerging architectures such as Deep Kronecker 
Neural Networks (DKNN) further improve 
efficiency by reducing computational complexity 
through Kronecker factorization while 
maintaining strong representational power. 
Despite these advancements, challenges such as 
data scarcity, class imbalance, domain variability, 
and lack of interpretability persist. Techniques 
like data augmentation, domain adaptation, and 
explainable AI are being developed to address 
these issues. Overall, AI-driven approaches have 
significantly improved the accuracy and 
efficiency of leukemia diagnosis, and continued 
research in advanced architectures and 
interpretable systems is crucial for successful 
real-world clinical deployment. 

 
Graphical Representation 
 

 
 
Literature Review  
1. Transition from Traditional Methods to 
Deep Learning 
Anilkumar et al. (2020) conducted a 
comprehensive survey on segmentation 
techniques for blood and bone marrow images. 
The study emphasized the limitations of 
traditional image processing techniques, 
particularly in handling overlapping cells and 

noise. The authors demonstrated that CNN-based 
segmentation methods significantly outperform 
conventional approaches by learning contextual 
features. 
Jin et al. (2020) proposed an automated deep 
learning-based classification system for bone 
marrow cells. Their approach utilized an end-to-
end CNN architecture, eliminating the need for 
manual feature extraction. The model achieved 
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high classification accuracy and demonstrated 
robustness across different datasets. 
These studies marked the transition from 
traditional machine learning methods to deep 
learning-based approaches in leukemia 
detection. 
 
2. Advancement of CNN Architectures and 
Hybrid Models 
Matek et al. (2021) introduced a deep neural 
network trained on a large dataset of bone 
marrow images. The model achieved high 
accuracy in classifying different cell 
morphologies, highlighting the importance of 
large-scale datasets in improving model 
performance. 
Zhou et al. (2021) developed a CNN-based system 
for WBC classification, incorporating transfer 
learning to improve performance on limited 
datasets. The study demonstrated that pre-
trained models can significantly enhance 
classification accuracy. 
Al-Qudah and Suen (2021) proposed an 
incremental learning approach, allowing models 
to adapt to new data without retraining. This 
approach is particularly useful in clinical settings 
where new data is continuously generated. 
Ramaneswaran et al. (2021) developed a hybrid 
model combining CNN and XGBoost. The 
integration of deep features with machine 
learning classifiers improved classification 
performance, demonstrating the effectiveness of 
hybrid approaches. 
 
3. Multi-Stage Architectures and Automated 
Systems 
Eckardt et al. (2022) proposed a multi-stage deep 
learning framework for leukemia detection. The 
model separated segmentation and classification 
tasks, improving interpretability and modularity. 

The system achieved high accuracy in detecting 
Acute Promyelocytic Leukemia (APL). 
Tayebi et al. (2022) developed an automated 
cytology system capable of detecting and 
classifying all bone marrow cell types. The 
system utilized deep learning models to analyze 
large datasets and demonstrated high accuracy in 
real-world clinical scenarios. 
Khalifa et al. (2022) introduced a CNN-based 
model for leukemia detection, emphasizing the 
importance of data augmentation and 
preprocessing techniques. 
Rehman et al. (2022) proposed a deep learning-
based classification system that achieved high 
performance using augmented datasets. 
These studies marked a shift toward fully 
automated and clinically applicable AI systems. 
 
4. Advanced AI, Multimodal Learning, and 
Optimization 
Elsayed et al. (2023) demonstrated that deep 
learning significantly enhances leukemia 
diagnosis, achieving high classification accuracy 
using transfer learning techniques. 
Zolfaghari and Sajedi (2023) provided a 
comprehensive survey on leukemia detection 
methods, highlighting the dominance of deep 
learning approaches and emerging trends such 
as multimodal learning. 
Das et al. (2023) proposed an incremental deep 
learning model that adapts to new data, 
improving classification performance over time. 
Recent studies also explored multimodal 
approaches combining imaging and spectral 
data, improving robustness and diagnostic 
accuracy. 
These advancements indicate a shift toward 
more sophisticated, scalable, and clinically 
applicable AI systems. 

 
Comparative Table and Analysis 
Study Ye

ar 
Method Architec

ture 
Type 

Core 
Technique 

Datase
t Type 

Metri
cs 

Perfor
mance 

Key 
Strengths 

Key 
Limitatio
ns 

Anilku
mar et 
al. 

20
20 

CNN 
Segment
ation 

CNN-
based 
segment
ation 

Preprocess
ing + 
convolutio
nal feature 
extraction 

Bone 
marro
w 
images 

Accur
acy 

~92% Early 
adoption 
of deep 
learning, 
improved 
segmenta
tion over 
tradition
al 
methods 

Struggles 
with 
overlappi
ng cells, 
noise, and 
staining 
variability 

Zhou 
et al. 

20
21 

CNN 
(End-to-
End) 

Deep 
CNN 

End-to-
end 
feature 
extraction 

Bone 
marro
w 
images 

Accur
acy 

~82–
86% 

Eliminate
s manual 
feature 
extractio

Lower 
accuracy 
due to 
limited 
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and 
classificati
on 

n, simple 
architect
ure 

data, poor 
generaliza
tion 

Eckar
dt et 
al. 

20
22 

Multi-
stage DL 

Segment
ation + 
Classific
ation 

Two-stage 
pipeline 
(segmenta
tion 
followed 
by 
classificati
on) 

APL 
datase
t 

Accur
acy, 
Recal
l 

~97% Improved 
interpret
ability, 
modular 
design 

Increased 
computati
onal 
complexit
y and 
processin
g time 

Tayebi 
et al. 

20
22 

Automat
ed 
Cytology 
System 

CNN-
based 
automat
ed 
system 

Full 
pipeline 
(detection 
+ 
classificati
on) 

Bone 
marro
w 
smear 

Accur
acy 

~96% Real-
world 
applicabil
ity, large-
scale 
automate
d analysis 

Complex 
implemen
tation, 
dataset 
dependen
cy 

Elsaye
d et al. 

20
23 

CNN + 
Transfer 
Learnin
g 

Transfer 
learning 
CNN 

Pre-
trained 
models 
with fine-
tuning 

ALL 
datase
t 

Accur
acy 

~98% High 
accuracy 
with 
limited 
data, 
improved 
generaliz
ation 

Sensitive 
to domain 
variability 

Yin et 
al. 

20
23 

Multimo
dal DL 

Multimo
dal Deep 
Learnin
g 

Integratio
n of 
imaging + 
spectral/g
enomic 
data 

Multim
odal 
datase
t 

Accur
acy 

~97% Better 
robustne
ss, 
compreh
ensive 
feature 
represent
ation 

Increased 
system 
complexit
y, data 
integratio
n 
challenge
s 

 
Comparative Analysis 
The comparative analysis highlights a clear 
evolution of artificial intelligence techniques for 
leukemia detection using bone marrow 
microscopic images. Around 2020, early 
approaches were primarily based on 
Convolutional Neural Network (CNN) 
segmentation models, such as those introduced 
by Anilkumar et al. These methods combined 
preprocessing steps with CNN architectures to 
enhance segmentation accuracy, achieving 
results of approximately 92%. Although these 
models outperformed traditional image 
processing techniques, they faced limitations in 
handling complex scenarios like overlapping 
cells, staining variations, and noisy backgrounds, 
which affected their robustness and 
generalization across diverse datasets. 
In 2021, research focus shifted toward end-to-
end CNN-based classification systems, as 
demonstrated by Zhou et al. These models 
eliminated the need for manual feature 
extraction by directly learning from raw 
microscopic images, simplifying the overall 

pipeline. However, due to limited dataset sizes 
and insufficient diversity, these models struggled 
to generalize effectively, resulting in relatively 
lower accuracy ranging from 82% to 86%. This 
phase emphasized the critical role of large, well-
annotated datasets in improving the reliability 
and performance of deep learning models in 
medical imaging applications. 
A major advancement was observed in 2022 with 
the introduction of multi-stage deep learning 
frameworks and automated cytology systems. 
Researchers like Eckardt et al. proposed two-
stage architectures that separated segmentation 
and classification processes, allowing 
independent optimization and improved 
interpretability. These systems achieved 
accuracy levels close to 97%, demonstrating the 
benefits of modular design. Similarly, automated 
cytology solutions developed by Tayebi et al. 
enabled large-scale, real-world clinical analysis 
of bone marrow samples. While these systems 
improved efficiency and scalability, they also 
introduced higher computational complexity and 
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increased dependency on extensive training 
datasets. 
By 2023, advanced techniques such as transfer 
learning and multimodal learning became 
dominant. Studies by Elsayed et al. showed that 
transfer learning could significantly enhance 
performance, achieving accuracy near 98% by 
leveraging pre-trained models. Multimodal 
systems, such as those proposed by Yin et al., 
integrated imaging data with genomic or spectral 
information, providing deeper insights and 
achieving around 97% accuracy. Additionally, the 
emergence of attention mechanisms, 
transformer-based models, and Deep Kronecker 
Neural Networks (DKNN) marked a shift toward 
more efficient and powerful architectures. 
Despite these advancements, challenges such as 
data scarcity, class imbalance, domain variability, 
and limited interpretability remain, highlighting 
the need for future research focused on 
explainable, scalable, and clinically deployable AI 
systems. 
 
Discussion  
The integration of artificial intelligence into 
leukemia diagnosis has significantly improved 
the accuracy and efficiency of medical image 
analysis. Deep learning models have 
demonstrated superior performance in 
segmentation and classification tasks, enabling 
automated detection of leukemic cells. One of the 
key advancements is the development of 
automated cytology systems that can analyze 
bone marrow images and classify cell types with 
high precision. These systems reduce the 
workload of clinicians and improve diagnostic 
consistency. Additionally, multi-stage deep 
learning frameworks have improved 
interpretability by separating segmentation and 
classification processes. 
However, challenges such as data scarcity and 
class imbalance remain significant barriers. The 
limited availability of annotated datasets 
restricts the performance of deep learning 
models. Data augmentation and transfer learning 
techniques have been proposed to address these 
issues. Another major challenge is 
interpretability. Clinicians require explanations 
for AI predictions to trust these systems. 
Explainable AI techniques are essential for 
clinical adoption. Future research should focus 
on multimodal learning, combining imaging data 
with genomic and clinical information. This 
approach can provide comprehensive diagnostic 
insights and improve prediction accuracy. 
 
Conclusion  
Artificial Intelligence has transformed the field of 
leukemia diagnosis by enabling automated 

analysis of bone marrow images. Deep learning 
models have significantly improved the accuracy 
and efficiency of segmentation and classification 
tasks. This survey reviewed recent advancements 
in AI-based leukemia detection, focusing on 
studies in recent years. The findings indicate that 
deep learning models, particularly CNNs and 
hybrid architectures, have achieved high 
performance in detecting leukemia. Emerging 
architectures such as Deep Kronecker Neural 
Networks offer promising solutions for 
improving computational efficiency and 
scalability. These models can handle high-
dimensional data and large datasets, making 
them suitable for medical imaging applications. 
Despite these advancements, challenges such as 
data scarcity, domain variability, and 
interpretability must be addressed. Future 
research should focus on developing robust, 
explainable, and scalable models for clinical 
deployment. In conclusion, AI-based techniques 
have the potential to revolutionize leukemia 
diagnosis and improve patient outcomes. 
Continued research and collaboration between 
clinicians and AI researchers are essential for 
advancing this field. 
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