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Kittipol.w@acc.msu.ac.th; Tel.: +66 866393870 

Abstract 

Accurate and efficient classification of hematological malignancies from peripheral blood smear 
(PBS) images remains challenging due to the scarcity of annotated datasets, staining variability, and 
subtle morphological differences among blood cancer subtypes. To address these limitations, this 
study proposes an Advanced Lightweight Deep Learning (ALDL) framework for the multi-class 
classification of Acute Lymphoblastic Leukemia (ALL) across four clinically significant stages: 
Benign, Pro-B, Pre-B, and Early Pre-B. The framework integrates EfficientNetV2-S with 
Convolutional Block Attention Modules (CBAM) to enhance spatial and channel-wise feature 
refinement. At the same time, Focal Loss is employed to mitigate class imbalance by prioritizing hard-
to-classify samples. A robust preprocessing pipeline, including CLAHE contrast enhancement, 
Reinhard stain normalization, and data augmentation, improves feature visibility and dataset 
generalization. Lesion segmentation is performed using RGB-based thresholding and watershed 
overlay, followed by lesion-level cropping to ensure consistency across inputs. Experimental 
evaluations on the ALL-DB dataset demonstrate the superior performance of the proposed method, 
achieving average accuracy of 96.11%, F1-score of 95.99%, and AUC of 0.9875. Comparative analyses 
against MobileNetV3, ResNet50, DenseNet121, VGG16, and InceptionV3 confirm that the hybrid 
approach consistently outperforms conventional CNN architectures across both 70:30 and 60:40 
train–test splits. Furthermore, a detailed investigation of color spaces (RGB, HSV, LAB, HED) 
indicates that RGB yields the most reliable segmentation and classification results. At the same time, 
HED enhances lesion visualization at the expense of higher computational cost. The proposed ALDL 
framework demonstrates strong potential for real-world application as a computer-aided diagnostic 
(CAD) system for early leukemia detection, offering improved diagnostic reliability, reduced error 
rates, and practical scalability for clinical environments. 

Keywords: blood cancer classification; lightweight deep learning; EfficientNetV2-S; Convolutional 
Block Attention Module; B-cell acute lymphoblastic leukemia (B-ALL) 
 

1. Introduction 

Medical image analysis continues to face substantial challenges, particularly due to the scarcity 
of high-quality labeled datasets essential for reliable classification. Annotating medical images is a 
resource-intensive and highly specialized process that requires domain expertise, especially in tasks 
involving the segmentation and classification of blood cancer cells across multiple stages [1]. The 
difficulty in curating large, well-annotated datasets constrains the effectiveness of traditional 
supervised learning approaches, thereby limiting the robustness and generalizability of deep 
learning models in hematopathology. To address this limitation, researchers have increasingly 
explored advanced strategies that combine small sets of labeled data with larger pools of unlabeled 
data, thereby enhancing the models’ capacity to learn meaningful representations for blood cancer 
imaging. A common strategy to mitigate data scarcity is to use transfer learning with supervised 
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pretraining on large-scale datasets such as ImageNet. This approach enables convolutional neural 
networks (CNNs) to learn general-purpose features, including edges, textures, and object structures, 
which can be fine-tuned for medical imaging tasks. While such pre-training accelerates convergence 
and often improves classification performance, its application to blood cancer analysis remains 
suboptimal due to the substantial domain gap between natural and medical images. Specifically, 
blood smear images exhibit highly specialized morphological and chromatic patterns that differ 
markedly from everyday photographs. Subtle visual cues, such as nuclear morphology, cytoplasmic 
staining, and fine-grained structural variations, are critical for distinguishing between clinically 
relevant stages of B-cell acute lymphoblastic leukemia (B-ALL), including Benign, Pro-B, Pre-B, and 
Early Pre-B cells [2,3]. Models pre-trained on natural image datasets often lack the inductive biases 
needed to capture domain-specific features, thereby reducing their diagnostic reliability. 

To overcome these limitations, CNN-based approaches employing self-supervised and weakly 
supervised learning paradigms have gained traction in medical imaging. Such methods utilize 
surrogate tasks (e.g., contrastive learning, image inpainting, or context prediction) to uncover latent 
structures in large quantities of unlabeled medical data [4,5]. By extracting intrinsic and 
discriminative representations without extensive manual labeling, these methods offer a promising 
avenue for analyzing blood cancer cells. Nonetheless, their application to hematological image 
classification remains limited. Existing CNN methodologies are typically optimized for broader 
medical imaging domains and fail to adequately account for the distinctive morphological 
complexity, high intra-class variability, and overlapping cellular structures characteristic of 
microscopic blood smear images. Consequently, there is a pressing need to design deep learning 
frameworks tailored to the unique visual and clinical attributes of hematological datasets. This 
requires incorporating domain-specific inductive biases, optimizing network architectures for fine-
grained feature learning, and integrating robust training mechanisms that enhance both accuracy and 
interpretability. Addressing these requirements is pivotal for achieving reliable automated diagnostic 
systems in hematopathology. 

In this study, we propose a novel hybrid framework for classifying B-ALL subtypes that 
integrates EfficientNetV2-S with a Convolutional Block Attention Module (CBAM) and Focal Loss. 
The framework is designed to effectively capture discriminative features from peripheral blood 
smear images while maintaining computational efficiency. Moreover, the approach incorporates a 
semantic segmentation component to enhance white blood cell (WBC) localization, thereby 
supporting not only classification but also interpretability in diagnostic workflows. By focusing on 
both robustness and efficiency, this study advances the development of clinically applicable 
computer-aided diagnostic (CAD) systems for the early and accurate detection of leukemia. 

2. Related Works 

The classification of blood cell cancers (BCCs) remains challenging due to the complex 
morphological and visual characteristics of peripheral blood smear images. Factors such as high 
intra-class variability among white blood cell (WBC) types, overlapping cellular structures, and 
subtle staining differences complicate the distinction between malignant and non-malignant cells. 
Differentiating BCC subtypes poses additional difficulties, as visual differences between stages are 
often subtle and fine-grained. 

To address these challenges, researchers have investigated diverse feature extraction strategies, 
which can broadly be categorized into: (1) traditional machine learning models using handcrafted 
features (e.g., histograms, texture descriptors, and morphological properties), and (2) deep learning-
based methods that automatically extract high-level features using convolutional neural networks 
(CNNs) and advanced classifiers such as Support Vector Machines (SVM) or Random Forests (RF). 
While handcrafted methods offer interpretability and modest computational requirements [6,7], they 
suffer from limitations in scalability, robustness to noise, and adaptability to diverse datasets [8,9]. In 
contrast, CNN-based feature extraction enables automated discovery of discriminative patterns but 
often requires large annotated datasets and careful adaptation to hematopathological image 
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characteristics. Several studies highlight the potential of deep architectures in hematology. Lu et al. 
[10] proposed a multiscale WBC classification framework that incorporates a residual-block encoder 
to mitigate vanishing gradients and capture hierarchical representations of blood smear images. 
Similarly, Roy et al. [11] developed a DeepLabv3C framework with a ResNet-50 backbone, achieving 
96.1% accuracy across three datasets by integrating semantic segmentation and residual learning to 
improve robustness in cancer detection. Other researchers have explored hybrid methods; for 
instance, Abdurrazzaq et al. [12] applied singular value decomposition (SVD) to vascular pattern 
detection, while Khomairoh et al. [13] employed Haar cascades for nucleus and cytoplasm 
segmentation in acute myeloid leukemia (AML) subtypes, achieving accuracies ranging from 71% to 
90%. Comparative studies also reveal trade-offs between handcrafted and deep features. Hegde et al. 
[14] demonstrated that handcrafted descriptors focusing on morphological and chromatic cues 
achieved performance comparable to AlexNet-derived deep features, with an overall accuracy of 
99%, underscoring the value of interpretability in clinical contexts. Feature fusion frameworks further 
enhance performance; for example, Saleem et al. [15] combined DarkNet-53 and ShuffleNet, 
achieving 98.6% segmentation accuracy while balancing semantic depth with computational 
efficiency. Likewise, Ramya et al. [16] employed gray-level co-occurrence matrix (GLCM) descriptors 
to distinguish healthy from malignant cells, whereas Rad et al. [17] improved segmentation 
robustness by employing automatic region initialization strategies based on statistical and 
morphological cues, achieving 96% accuracy. Beyond CNNs, researchers have employed a diverse 
range of machine learning and optimization techniques. Puigdollers et al. [18] used a Bag-of-Words 
(BoW) approach, achieving 80% accuracy while providing interpretability. Ruberto et al. [19] applied 
SVM and k-nearest neighbors (KNN), reporting up to 99% accuracy in vessel counting and 
classification, while Hussein et al. [20] introduced a platelet-based classification approach enhanced 
by Bee Colony and Reptile Search Optimization. H. Rai et al. [21] evaluated pancreatic, prostate, 
colorectal, and leukemia cancers using standard Machine Learning (ML) and Deep Learning (DL) 
techniques, highlighting the need for improved cancer diagnosis and treatment. Swanson et al. [22] 
discussed the use of ML methods in analyzing medical imaging and genetic data for cancer 
applications, advocating strategies to enhance clinical effectiveness. Aly et al. [23] introduced a 
method for training a Multi-Layer Perceptron (MLP) using the Hunger Games Optimization (HGO) 
technique, which improved classification accuracy for cervical cancer. Mahesh et al. [24] presented a 
hybrid of Ant Lion Mutation and Ant Colony Optimization with Particle Swarm Optimization, 
achieving an SVM prediction accuracy of 87.8% for optimal feature selection. Wais et al. [25] 
developed a pipeline for categorizing acute lymphoblastic leukemia, using a novel neighbourhood 
pixel transformation with differential evolution to enhance the clarity of blood cell images. Recent 
developments in the field increasingly emphasize integrating deep learning architectures with 
ensemble-based strategies. For instance, Nssibi et al. [26] proposed the iBABC-CGO framework, 
which synergistically combines bee colony optimization with chaotic game-theoretic principles to 
enhance exploration within the feature space. Similarly, Vogelbacher et al. [27] utilized a dual deep 
neural network architecture for avian blood cell recognition, illustrating the cross-domain versatility 
of convolutional neural networks (CNNs). Although a wide range of automated computer-aided 
detection systems has been introduced, many studies continue to report performance constraints 
related to processing efficiency and classification precision [28–30]. Traditional feature extraction 
techniques such as Speeded-Up Robust Features (SURF) [31–33], Scale-Invariant Feature Transform 
(SIFT) [34], and Histograms of Oriented Gradients (HoG) [35], remain critical preprocessing 
components; however, their capability is frequently outperformed by CNN-based feature learning 
approaches [36–38]. Evidence from [39] demonstrated that HoG descriptors combined with logistic 
regression can effectively support feature extraction for leukemia prediction using the ALL-IDB 
dataset. Complementary work in [40] analyzed color and texture features derived from histogram-
based thresholding and watershed segmentation, and outlined the influence of different feature-
extraction pipelines [30]. Moreover, SURF has shown strong potential for retrieving discriminative 
features from color-rich query images, and its coupling with Genetic Algorithms (GA) [41] has 
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yielded substantial improvements, achieving feature-extraction accuracy levels of up to 92%. Among 
classical detectors, SIFT [42], FAST [43], and CenSurE [44] remain notable for their specialized 
detection capabilities. At the same time, feature-fusion strategies have been shown to further enhance 
performance by integrating multiple hand-crafted descriptors [45]. Object recognition tasks 
commonly rely on segmentation-driven pipelines incorporating both quantitative and qualitative 
feature analysis and matching [46]; however, such conventional approaches often exhibit limited 
robustness. In contrast, CNN-based methods automate feature extraction and enable superior 
performance in complex image classification scenarios [47–51]. Within the broader spectrum of deep 
learning research [52–55], pre-trained architectures such as AlexNet [56], GoogleNet [56], ResNet [57], 
VGG-16 [58], and Inception-V3 [59] have emerged as highly effective feature extractors and selection 
mechanisms. These models have also served as foundational components in advanced analytical 
frameworks such as the Simulation of Electron Spectra for Surface Analysis (SESSA). In this context, 
Jagadev and Virani [60] proposed an innovative approach to leukemia cell classification that 
integrates deep feature extraction with a support vector machine (SVM) classifier. At the same time, 
work in [61] further demonstrated the potential of SVM-based methodologies for detecting acute 
lymphoblastic leukemia (ALL). Additional studies have explored hybrid pipelines, including the 
integration of K-means clustering and SVMs to improve the performance of microscopic ALL 
recognition [62–65]. More recent research trends highlight the growing dominance of deep learning-
driven ALL classification, where CNN and custom CNN architectures yield highly competitive 
results across training and validation scenarios [66]. In particular, [67] introduces a weighted 
ensemble CNN framework that enhances diagnostic performance for ALL detection in microscopic 
images. Table 1. Summary of Existing Approaches for Blood Cancer / ALL Classification and Key 
Research Insights. 

Table 1. Summary of Existing Approaches for Blood Cancer / ALL Classification and Key Research Insights. 

Ref. / Author Method / Model Key Contribution Performance Strengths Limitations 
Lu et al. [10]  Residual 

multiscale CNN 
Hierarchical WBC 
feature learning 

— Handles gradient 
issues 

Needs a large 
dataset 

Roy et al. [11]  DeepLabv3C + 
ResNet-50 

Segmentation + 
residual learning 

96.1% Robust detection High 
computation 

Abdurrazzaq et al. 
[12]  

SVD vascular 
detection 

Enhances vascular 
features 

— Better representation Limited 
classification 

Khomairoh et al. 
[13]  

Haar cascade 
segmentation 

AML 
nucleus/cytoplasm 
detection 

71–90% Lightweight Moderate 
accuracy 

Hegde et al. [14]  Morphological 
vs AlexNet 

Handcrafted ≈ 
deep features 

99% Interpretable Dataset 
dependent 

Saleem et al. [15]  DarkNet-53 + 
ShuffleNet 

Feature fusion 98.6% Efficient + deep Complex 
design 

Ramya et al. [16]  GLCM 
descriptors 

Healthy vs 
malignant 

— Low cost Noise sensitive 

Rad et al. [17]  Region 
initialization 

Robust 
segmentation 

96% Stable segmentation Feature 
dependent 

Puigdollers et al. 
[18]  

Bag-of-Words Interpretable 
classification 

80% Simple Lower 
accuracy 

Ruberto et al. [19]  SVM + KNN Vessel 
classification 

Up to 99% High accuracy Generalization 
limits 

Hussein et al. [20]  Bee + Reptile 
optimization 

Feature search — Strong optimization Complex 
tuning 

Rai et al. [21]  ML + DL 
comparison 

Multi-cancer 
evaluation 

— Broad analysis Not 
specialized 

Swanson et al. [22]  ML imaging 
analysis 

Clinical insight — Conceptual value No experiment 

Aly et al. [23]  MLP + HGO Optimized 
training 

— Better convergence Dataset 
specific 

Mahesh et al. [24]  ALO + ACO + 
PSO + SVM 

Feature selection 87.8% Effective search Computational 
cost 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 26 February 2026 doi:10.20944/preprints202602.1601.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202602.1601.v1
http://creativecommons.org/licenses/by/4.0/


 5 of 29 

 

Wais et al. [25]  Pixel transform + 
DE 

Image clarity — Enhances visibility Heavy 
preprocessing 

Nssibi et al. [26]  iBABC-CGO Feature 
exploration 

— Strong exploration Complex 
model 

Vogelbacher et al. 
[27]  

Dual DNN Cross-domain 
blood recognition 

— Versatile Needs training 
data 

Various [31–33]  SURF Keypoint 
extraction 

Up to 92% Robust Inferior to 
CNN 

Lowe [34]  SIFT Scale-invariant 
detection 

— Stable Slow 

Dalal & Triggs [35]  HoG Gradient 
descriptors 

Effective Simple Less 
discriminative 

Study [39]  HoG + Logistic 
Regression 

Leukemia 
prediction 

Effective Efficient Limited depth 

Study [40]  Histogram + 
Watershed 

Color-texture 
segmentation 

— Simple Threshold 
sensitive 

Study [41]  SURF + GA Feature 
optimization 

92% Improved accuracy Tuning needed 

Various [42–44]  SIFT / FAST / 
CenSurE 

Keypoint 
detection 

— Specialized Low semantics 

Study [45]  Feature fusion 
descriptors 

Multi-feature 
integration 

— Complementary Complexity 

Study [46]  Segmentation 
pipeline 

Structured 
analysis 

— Systematic Low 
robustness 

Various [47–51]  CNN models Automated 
features 

High Strong performance Data intensive 

Various [56–59]  AlexNet / 
ResNet / VGG / 
Inception 

Pretrained 
extractors 

High Transfer learning Heavy models 

Jagadev & Virani 
[60]  

Deep features + 
SVM 

DL + ML classifier — Generalizable Multi-stage 

Study [61]  SVM detection ALL detection — Effective Feature 
dependent 

Various [62–65]  K-means + SVM Improved 
recognition 

— Better clustering Initialization 
sensitive 

Study [66]  Custom CNN End-to-end 
classification 

Competitive High accuracy Data demand 

Study [67]  Ensemble CNN Diagnostic 
improvement 

— Robust prediction Computational 
load 

3. Research Gap and Contributions 

A review of the existing literature on blood cancer analysis reveals that most feature-extraction 
methods have focused primarily on images of normal or healthy blood cells. Researchers have 
focused on standard WBC types such as neutrophils, eosinophils, and lymphocytes, mainly because 
of the greater availability of well-annotated datasets. While these studies have advanced our 
understanding of cellular morphology, they often overlook the complexities of pathological smear 
images from cancer patients. A significant challenge is the scarcity of annotated datasets for 
malignant cells, which typically exhibit considerable morphological variability and irregular staining. 
This limitation has constrained the development of robust and generalizable classification models. 

To address this gap, the present study introduces feature-extraction strategies tailored to 
pathological blood smear images for the detection and classification of malignant cell types. The focus 
is placed on capturing morphological, chromatic, and textural alterations associated with malignant 
transformation, with particular emphasis on the multi-class recognition of B-cell acute lymphoblastic 
leukemia (B-ALL) subtypes: Benign, Pro-B, Pre-B, and Early Pre-B. By focusing on pathological rather 
than healthy cells, this study aims to enhance the diagnostic applicability of automated frameworks 
in hematopathology. The key contributions of this study are as follows: 

1. We propose a lightweight hybrid model capable of accurately detecting acute lymphoblastic 
leukemia (ALL) by differentiating it from healthy samples and distinguishing acute myeloid 
leukemia (AML) from non-cancerous counterparts. 
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2. A carefully designed pipeline integrates contrast-limited adaptive histogram equalization 
(CLAHE), Reinhard stain normalization, and data augmentation to enhance image quality, 
improve feature visibility, and increase model generalizability across heterogeneous datasets. 

3. We introduce a novel architecture based on MobileNetV3-Small, enhanced with Convolutional 
Block Attention Modules (CBAM) for fine-grained feature extraction. To improve classification, 
deep features are fused with an XGBoost classifier, thereby leveraging both neural network 
representations and the efficiency of gradient-boosting. The model employs Softmax activation 
for multi-class prediction and integrates categorical cross-entropy with focal loss to effectively 
address class imbalance. 

4.  Rigorous performance analysis is conducted using publicly available blood cancer datasets 
under both 70:30 and 60:40 train–test splits. Each experiment is repeated 10 times to ensure 
statistical robustness, and the averaged results are compared against baseline methods to 
validate the superiority of the proposed framework. 

4. Methodology 

This study proposes a lightweight deep learning framework for efficiently and interpretably 
classifying blood cancer cell images. The methodological pipeline consists of four sequential stages: 
(1) data preprocessing, (2) deep representation learning, (3) hybrid feature refinement, and (4) final 
classification. Each stage is systematically structured to enhance data quality, extract discriminative 
features, and achieve robust classification performance while maintaining computational efficiency. 
The overall architecture of the proposed system is depicted in Figure 1, which illustrates the 
integration of preprocessing techniques, lightweight network architecture, attention mechanisms, 
and hybrid learning strategies into a unified diagnostic framework. 

 
Figure 1. End-to-end workflow of the proposed ALL peripheral blood smear classification pipeline. 

The proposed framework begins with data collection and preprocessing of peripheral blood 
smear images. A series of enhancement techniques is applied, including contrast-limited adaptive 
histogram equalization (CLAHE) to improve local contrast and Reinhard stain normalization to 
achieve a consistent color distribution across samples. To increase generalizability and mitigate 
overfitting, a range of data augmentation strategies is employed. The enhanced images are 
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subsequently processed by a lightweight convolutional neural network (CNN) with a MobileNetV3-
Small backbone, augmented with Convolutional Block Attention Modules (CBAM) to emphasize 
salient spatial and channel-wise features relevant to medical imaging. To further improve 
interpretability and classification performance, a hybrid feature-refinement strategy is employed. In 
this stage, deep feature representations extracted from the CNN are integrated with an Extreme 
Gradient Boosting (XGBoost) classifier, which selectively refines the most informative features for 
distinguishing among blood cancer subtypes. The final classification stage comprises a fully 
connected layer with Softmax activation, producing a probability distribution over four clinically 
significant B-cell acute lymphoblastic leukemia (B-ALL) categories: Benign, Pro-B, Pre-B, and Early 
Pre-B. To address the inherent class imbalance in the datasets, the training process employs a 
combination of categorical cross-entropy and focal loss, thereby improving prediction fairness and 
enhancing the overall robustness and reliability of the diagnostic system. 

4.1. Dataset 

The definitive diagnosis of acute lymphoblastic leukemia (ALL) is typically complex, requiring 
invasive, costly, and time-consuming procedures; however, peripheral blood smear (PBS) images 
provide a non-invasive, cost-effective alternative for preliminary screening, despite the potential 
diagnostic variability inherent in the nonspecific presentation of ALL. In this study, a dataset 
comprising 3,242 PBS images from 89 patients suspected of ALL was used. Blood samples were 
prepared and stained by experienced laboratory personnel according to standard protocols, and 
images were captured using a Zeiss microscope camera at 100× magnification and stored as JPEG 
files. The dataset is categorized into benign cases (hematogenous samples without malignancy) and 
malignant cases, the latter subdivided into three clinically significant B-cell ALL subtypes: Early Pre-
B, Pre-B, and Pro-B. To ensure diagnostic reliability, a hematopathology specialist confirmed the cell 
types and subtypes using flow cytometry, making this dataset a robust resource for developing and 
evaluating automated classification frameworks [68]. 

4.2. Blood Cell Lesion Segmentation and Classification 

4.2.1. Lesion Mask 

In this stage, lesion regions corresponding to the nuclei of leukemic cells are segmented from 
peripheral blood smear (PBS) images by applying intensity-based thresholding in the RGB color 
space [69]. Unlike HSV or LAB transformations, which require nonlinear conversions and may distort 
original intensity distributions, the RGB-based approach retains the native pixel values. This reduces 
computational complexity, preserves the morphological integrity of leukemic nuclei, and provides a 
consistent basis for subsequent feature extraction. Let the original color image be denoted as Eq. (1). 

                          ( ) ( ) ( ) ( ) [ ], , ∈  I x, y = R x, y G x, y B x, y , R, G, B 0, 255             (1) 

where R(x, y), G(x, y), and B(x, y) represent the intensities of the red, green, and blue channels at pixel 
coordinates (x, y).             

4.2.2. Normalization 

Normalization is a crucial preprocessing step in medical image analysis, as it mitigates the 
influence of illumination variability, staining inconsistencies, and acquisition artifacts, thereby 
ensuring that the model learns discriminative features rather than noise. In this study, the RGB values 
of each pixel were normalized to the [0, 1] range, standardizing input intensity levels across all images 
and improving model convergence during training. For each pixel location (x, y), the normalized red, 
green, and blue channel intensities are computed using Eq. (2). 

( ) ( ) ( ) ( ) ( ) ( ), ,n n n

R x, y G x, y B x, y
R x, y = G x, y = B x, y =

255 255 255
           (2) 
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where R(x, y), G(x, y), and B(x, y) represent the original channel values, each ranging from 0 to 255, 
and dividing by 255 scales the values to the range [0, 1], which facilitates numerical stability during 
backpropagation and prevents saturation in activation functions, the normalized RGB image is then 
represented as Eq. (3). 

                              ( ) ( ) ( ) ( ), ,  n n nI x, y = R x, y G x, y B x, y          (3)  

4.2.3. Color-Based Segmentation 

Accurate segmentation of blood cell lesions is critical for distinguishing malignant nuclei from 
surrounding cytoplasm and background regions. In hematological imaging, leukemic nuclei 
frequently exhibit a purple hue, resulting from the combination of high red (R) and blue (B) intensities 
relative to green (G). Leveraging this chromatic property, we construct a Purple Index (PI) to enhance 
the visibility of candidate lesion pixels and suppress irrelevant background information [70]. The PI 
at each pixel (x, y) is computed as Eq. (4). 

                      ( ) ( ) ( ) ( )+
−n n

n

R x, y B x, y
PI x, y = G x, y

2
                  (4) 

where Rn(x, y), Gn(x, y), and Bn(x, y) are normalized RGB intensities in the range [0,1]. Pixels with 
higher PI values are more likely to correspond to lesion regions, as leukemic nuclei absorb stains, 
enhancing the red and blue channels while reducing the green intensity. 

4.2.4. Binary Thresholding  

Following color-based segmentation, a binary mask M(x, y) is generated to delineate potential 
lesion regions from the background. Each pixel is classified as a lesion (foreground = 1) or a non-
lesion (background = 0) depending on whether its Purple Index (PI) value exceeds a predefined 
threshold θ. This process is formally expressed in Eq. (5) [71]. 

( ) ( )  θ ≥



1, if PI x, y
M x, y =

0,  otherwise 
                           (5) 

where θ∈[0.1, 0.3]  is determined through empirical analysis of training images or automatically 
using Otsu’s adaptive thresholding method. The range was selected to balance sensitivity (the ability 
to detect all potential lesion pixels) and specificity (the ability to suppress background noise). 
Alternatively, lesion regions can be defined by applying absolute constraints on the RGB channels, 
as shown in Eq. (6). 

       ( ) ( ) ( ) ( )  τ , τ , τ   > > >



n R n B n G1, if R x, y B x, y G x, y
M x, y =

0,  otherwise 
      (6) 

where n n nR (x, y),G (x, y), B (x, y)  are the normalized channel intensities, and τ τ τR B G, ,  are 
channel-specific thresholds. Based on statistical distribution analysis across the dataset, typical values 

were set as τ τ τR B G = 0.5 (red channel),  = 0.4 (blue channel), = 0.3 (green channel).  These 
values were optimized to capture the chromatic profile of leukemic nuclei, which exhibit higher red 
and blue intensities relative to green. 

4.2.5. Morphological Refinement 

Once the binary mask M(x, y) is generated, it often exhibits irregular boundaries, fragmented 
nuclei, and small spurious noise regions due to intensity fluctuations or staining variability. To 
address these issues, a series of morphological operations is applied using a structuring element S, 
typically a disk-shaped kernel, because its isotropic properties preserve circular and elliptical nuclear 
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shapes. The first operation, erosion, removes pixels from the boundaries of the foreground (lesion) 
objects, thereby eliminating small noise components and refining the edges of detected nuclei. This 
is followed by dilation, which expands the boundaries of foreground regions and reconnects 
fragmented lesion areas. The dilation operator is formally defined in Eq. (7). 

                              ( ) ( ){ }θδ ⊕ ∈ ∩ ≠2 ref

z
M =M S= z Z S M                     (7) 

where ⊕ is the dilation operator and Sref is the reflection of the structuring element. To further enhance 
segmentation, the opening operation is employed, a compound transformation that consists of 
erosion followed by dilation. Opening is particularly effective at eliminating small non-lesion regions 
(false positives) and smoothing object boundaries. It is defined in Eq. (8).  

                                 ( ) ( )( )δ εΟ refinedM = M = M                        (8)  

where Ɛ(M) denotes erosion. This yields a refined mask Mrefined that more accurately represents lesion 
regions. In this study, morphological refinement was performed using a circular structuring element 
with a radius of 3 pixels, selected to preserve the natural elliptical morphology of leukemic nuclei. 
Both erosion and dilation operations were applied twice to balance noise suppression and structural 
preservation. Following these operations, connected-component filtering was used to remove small 
objects (<80 pixels) considered noise, while retaining larger biologically relevant nuclei. Finally, a 
Gaussian smoothing filter (σ = 1.0) was applied to the refined binary mask to smooth lesion 
boundaries, improving the accuracy and stability of subsequent feature extraction and classification. 

4.2.6. Extracted Lesion  

To facilitate lesion-level analysis and enable deep learning–based classification, it is essential to 
isolate lesion-containing regions from the full microscopic image. This process, referred to as Region 

of Interest (ROI) Cropping, leverages the binary lesion mask ∈M(x, y) {0, 1}  generated in earlier 
steps, in which pixels labeled 1 correspond to suspected lesion regions. The purpose of this step is to 
reduce irrelevant background information and focus computational resources on diagnostically 
meaningful nuclear areas. For each detected lesion i, a minimum bounding rectangle Ri defines the 
spatial extent of the rectangular region enclosing lesion i. Formally, the cropped lesion patch IROI is 
extracted from the original RGB image I(x, y) according to Eq. (9). 

                          ( ) ( ) i= ∈ROII I x, y x, y R                         (9) 

where I(x, y) represents the original RGB image, and Ri denotes the bounding rectangle of the 𝑖-th 
lesion. To prepare lesion patches for CNN, it is critical to maintain a uniform input size. Therefore, 
each extracted lesion patch is resized to a fixed resolution of 224 × 224 pixels using bilinear 
interpolation, as expressed in Eq. (10). 

                                       ( )=resized ROII resize I , 224, 224                    (10) 

This resizing ensures compatibility with widely used CNN backbones, such as MobileNetV3 and 
EfficientNet, which typically require square inputs at resolutions between 224 × 224 and 256 × 256 
pixels. 

4.2.7. Marker-Based Watershed Segmentation 

The watershed transform is a fundamental technique in mathematical morphology and 
topographic modeling, frequently employed for image segmentation tasks involving touching or 
overlapping objects. Its principle is analogous to a topographic landscape, where pixel intensities 
represent elevation: ridges (high gradients) correspond to object boundaries, while valleys (low 
intensities) correspond to homogeneous regions within objects. By simulating landscape flooding, 
watershed lines emerge at points where catchment basins meet, thereby separating adjacent objects 
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[72]. Given an RGB image I(x, y), the first step is to convert it to grayscale, ensuring that intensity-
based operations are performed uniformly across all channels. This is achieved using a luminance-
preserving linear transformation as defined in Eq. (11). 

G(x, y)=0.299R(x, y)+0.587G(x, y)+0.114B(x, y)           (11) 

where R(x, y), G(x, y), and B(x, y) are the red, green, and blue channel intensities, respectively. To 
suppress noise and prepare for thresholding, a Gaussian blur with a standard deviation of σ = 2 is 
applied. This smooths intensity variations while retaining prominent edges. Foreground (lesion 
candidates) and background regions are then separated using Otsu’s global thresholding, which 
adaptively determines the optimal threshold TOtsu by minimizing intra-class variance. The binary 
mask is formally defined in Eq. (12). 





Otsu1,  G(x, y)> T
M(x, y)=

0,  Otherwise
                         (12) 

where ∈b b(x , y ) B denotes the set of background pixels. These distance peaks serve as markers for 
initiating the watershed algorithm. For watershed segmentation, a Gaussian blur with a kernel size 
of 5 × 5 and a standard deviation of σ = 2 was applied to suppress noise while preserving nuclear 
boundaries. Otsu’s method was used to determine the adaptive threshold TOtsu for binary mask 
generation, ensuring robustness to staining variability. The Euclidean distance transform was 
computed, and connected-component labeling was used to identify distinct local maxima as potential 
lesion centers. To prevent over-segmentation, only distance peaks exceeding 50% of the maximum 
distance were retained as watershed markers. Finally, the watershed segmentation output was 
overlaid onto the original RGB images to preserve the interpretability of lesion boundaries for 
subsequent feature extraction and classification. 

To initialize the flooding process in the watershed algorithm, potential lesion centers are first 
identified by computing the local maxima on the Euclidean distance transform D(x, y). These maxima 
correspond to the points furthest from background pixels, i.e., the centers of nuclei or lesion 
candidates. To ensure that only valid regions are considered, a connected-component analysis is 
performed, where each local maximum must satisfy a minimum area threshold of 127 pixels to 
eliminate noise and very small spurious detections. Candidate markers are further refined using 
morphological dilation to slightly expand them, or by thresholding the inverse distance map to 
separate adjacent nuclei. Markers must be non-overlapping and distinct, and each is assigned a 
unique integer label, as defined in Eq. (13). 

{ }∈markerM (x, y) 0, 1, 2, ..., N                    (13) 

where N denotes the total number of seed points corresponding to suspected lesion regions. Once 
markers are established, the watershed algorithm is applied to the negative of the distance transform, 
treating peaks as basins. This ensures that areas around each seed point expand outward until they 
meet neighboring regions at watershed ridges, effectively separating lesions that touch or overlap. 
The segmentation output is expressed in Eq. (14).  

( )− markerL(x, y)=Watershed D(x, y), M                      (14) 

where L(x, y) is a label matrix in which each segmented lesion receives a unique identifier. The 
watershed boundaries are explicitly encoded in the label matrix and overlaid on the original RGB 
image to facilitate interpretability. Watershed ridge pixels are typically highlighted in contrasting 
colors to distinguish boundaries between adjacent nuclei. Each connected region receives a distinct 
integer label as expressed in Eq. (15). 

{ }∈L(x, y) 0,1, 2, ..., N                            (15) 
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For marker-based watershed segmentation, local maxima were extracted from the Euclidean distance 
map using a minimum area threshold of 127 pixels to remove spurious detections, and markers were 
refined by morphological dilation with a circular structuring element of radius 2 pixels. To handle 
overlapping nuclei, inverse distance map thresholding was applied with a cutoff of 0.4 × max(D(x,y)) 
to ensure distinct seed regions. The watershed algorithm was then applied to the negative distance 
map, initialized with the refined markers. Each segmented nucleus was assigned a unique integer 
label, and watershed ridge pixels were highlighted in red overlays to visualize boundaries, thereby 
ensuring accurate separation of adjacent lesion regions while minimizing over-segmentation. 

4.2.8. Classification: EfficientNetV2-S + CBAM with Focal Loss Optimization 

To achieve high-accuracy classification of blood smear lesion patches into the four clinically 
significant categories (Benign, Pre-B, Pro-B, and Early Pre-B), we propose an advanced lightweight 
deep learning framework that integrates EfficientNetV2-S with the Convolutional Block Attention 
Module (CBAM) and employs Focal Loss for optimization. This hybrid architecture provides a 
balanced compromise among classification precision, computational efficiency, and robustness to 
class imbalance, a recurring challenge in hematological imaging datasets. 

4.2.9. Model Architecture 

The backbone of the proposed system is EfficientNetV2-S, a compact yet high-performing 
convolutional neural network (CNN) that strikes an optimal balance between accuracy and 
computational cost. EfficientNetV2-S adopts a compound scaling strategy that jointly adjusts depth 
(number of layers), width (number of channels per layer), and resolution (input image size), thereby 
maximizing performance under computational constraints [73]. Each block in EfficientNetV2-S 
consists of either MBConv or Fused-MBConv layers, where MBConv layers are based on inverted 
residual structures combined with depthwise separable convolutions. Formally, an MBConv block is 
expressed in Eq. (16) [74]. 

  ×1 1MBConv(x)= BN(DWConv(Swish(BN(Conv (x)))))            (16) 

where Conv1×1 denotes pointwise convolution for dimensionality adjustment, DWConv represents 
depthwise convolution, BN is batch normalization, and Swish serves as the activation function. To 
further enhance feature discriminability, CBAM (Convolutional Block Attention Module) is applied 
after each MBConv block. CBAM sequentially refines features using Channel Attention (CA) and 
Spatial Attention (SA). CA emphasizes channel-wise dependencies by recalibrating feature responses 
based on global statistics, while SA highlights informative spatial regions. Their formulations are 
expressed as Eqs. (17) and (18). 

σcM (F)= (MLP)(AvgPool(F)))                        (17) 

σ ×c 7 7M (F)= (Conv )([AvgPool(F); MaxPool(F)]))                (18) 

where σ is the sigmoid function, MLP is a shared multi-layer perceptron, and Conv7×7 denotes a 
convolutional operation with a 7×7 kernel applied to concatenated average-pooled and max-pooled 
features. The proposed model was trained on 224 × 224-pixel lesion patches with a batch size of 32, 
using the Adam optimizer with an initial learning rate of 0.001. A cosine annealing schedule was 
employed to adaptively reduce the learning rate during training. The dropout rate was set to 0.3 to 
prevent overfitting, while L2 weight decay (0.0001) was applied for regularization. The CBAM 
module was configured with a reduction ratio of 16 for the channel attention MLP and a 7×7 spatial 
attention kernel. To address class imbalance, Focal Loss was employed with a focusing parameter γ 
= 2.0 and a class-balancing factor α = 0.25, which emphasizes the hard-to-classify minority classes 
without compromising the performance of the majority class. The model was trained for 100 epochs 
with early stopping (patience = 10) based on validation loss, ensuring convergence without 
overfitting. 
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4.2.10. Loss Function 

One of the most critical challenges in medical image classification is class imbalance, in which 
certain classes are underrepresented relative to benign samples. This imbalance can bias the classifier 
toward majority classes, leading to reduced sensitivity for minority categories that are clinically more 
significant. To address this problem, we employed the Focal Loss function as the optimization 
objective, which is effective in medical imaging and object detection tasks involving imbalanced 
datasets. The Focal Loss modifies the standard categorical cross-entropy by introducing a modulating 
factor that emphasizes hard-to-classify samples while down-weighting the contribution of well-
classified examples. It is defined as Eq. (19). 

γαt t t tFL(p ) = - (1-p ) log(p )                          (19) 

where pt denotes the predicted probability of the true class, αt, is a class-balancing weight, and γ is 
the focusing parameter. The term (1−pt)γ ensures that correctly classified examples with high 
confidence contribute less to the loss, while misclassified or low-confidence samples receive greater 
emphasis. In this study, the class-balancing factor was set to αt = 0.25 for all classes, ensuring equal 
penalization of benign and malignant samples despite their differing frequencies in the dataset. The 
focusing parameter was fixed at γ = 2.0, which balances attention to complex examples with training 
stability. During experimentation, Focal Loss was combined with categorical cross-entropy in early 
training epochs to stabilize convergence, after which pure Focal Loss was applied to fine-tune the 
model. This dual-stage strategy helped prevent overfitting to the majority classes while maintaining 
robust generalization to minority classes. 

4.3. Training Settings 

The training procedure was carefully designed to ensure stability, generalization, and 
robustness in classifying blood smear lesion patches. Optimization was performed using the AdamW 
optimizer in conjunction with a Cosine Annealing Learning Rate (LR) schedule, which together 
provide a balance between fast convergence and long-term stability. The optimization process is 
described mathematically in Eqs. (20) and (21) [75]. 

β β θ β β θ

θ θ η θλ

∇ ∇

= − ⋅ − ⋅
∈

2
t 1 t-1 1 t t 2 t-1 2 t

t
t+1 t t

t

m = m +(1- ) L( ),  v = v +(1- ) L( )

m

v +

               (20) 

( )η η η η π
  

+ −      
cur

t min max min
max

T1
= 1+cos

2 T
             (21) 

where 𝑚𝑡 and 𝑣𝑡 denote the first and second moment estimates, 𝛽1 and 𝛽2 are exponential decay rates 
for the moving averages, 𝜂𝑡 is the learning rate at iteration 𝑡, and λ represents the weight decay term 
for L2 regularization. The cosine annealing mechanism gradually cyclically decreases the learning 
rate, allowing the optimizer to escape sharp local minima and converge toward flatter, more 
generalizable solutions. Each lesion patch, segmented and resized to 224 × 224 × 3, was used as input 
to the network. Training was performed with a batch size of 32. The optimizer was configured with 𝛽1= 0.9, 𝛽2 = 0.999, and 𝜖 =1×10−8. An initial learning rate of 3 × 10-4 was used, and the cosine annealing 
schedule progressively reduced the rate to a minimum of 1 × 10-6 over each annealing cycle. To 
prevent overfitting, a dropout rate of 0.5 was employed in the fully connected classification layer, and 
a weight decay of 1×10−5 was applied for L2 regularization. The network was trained for 100–150 
epochs, with early stopping based on validation loss (patience = 15 epochs). Model performance was 
evaluated using 5-fold cross-validation to ensure robustness and to minimize sampling bias. 
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4.4. Output and Prediction 

The final stage of the proposed framework produces classification probabilities using a Softmax 
function, which transforms the networkʹs raw logit outputs into normalized probability distributions 
across the four clinically relevant classes: Benign, Pre-B, Pro-B, and Early Pre-B. For a given input 

lesion patch, the raw network output zi is converted into class probabilities ŷi using Eq. (22). 

ŷ , j∀ ∈


i, j

i,k

Z

i, j i, j C Z

k=1

e
= softmax(z )= {1, ..., 4}

e
                  (22) 

where zi denotes the logit value for class 𝑗 of sample 𝑖, and 𝐶 = 4 represents the total number of output 

categories. The predicted class label ĉi  is then assigned as the index corresponding to the highest 
probability, as defined in Eq. (23). 

ˆ ˆc yi i, j
j

= arg max                               (23) 

To ensure reliable classification, we employed a Softmax confidence threshold of 0.7, meaning that 
only predictions with probabilities greater than or equal to this threshold were considered definitive. 
Predictions falling below this threshold were flagged as uncertain, thereby reducing the risk of 
misclassification in borderline cases. This approach reflects the clinical need for high-confidence 
decisions, where uncertain predictions may require further manual verification by pathologists. 

5. Experimental Results 

The performance of the proposed method was rigorously evaluated using publicly available 
Acute Lymphoblastic Leukemia (ALL) benchmark databases. All experiments were conducted on a 
high-performance computing platform equipped with an Intel Core i7-6700K processor (4.00 GHz), 
48.0 GB of RAM, and an AMD Radeon R9 M395X GPU with 4 GB of dedicated video memory. The 
system ran in a 64-bit environment, providing sufficient computational capacity for efficient training, 
testing, and experimental reproducibility. The evaluation focused on the effectiveness of the 
proposed EfficientNetV2-S architecture, enhanced with CBAM and optimized with Focal Loss, to 
address the inherent class imbalance in hematological datasets. The model was tested on segmented 
lesion patches categorized into four clinically relevant subtypes: Benign, Pre-B, Pro-B, and Early Pre-
B cells. To ensure robustness, we adopted two dataset partitioning strategies: a 70-30 (training–
testing) split and a 60-40 (training–testing) split. To achieve statistically reliable results, each 
experiment was repeated 8 times independently, and the mean test performance was reported. The 
evaluation metrics included accuracy, sensitivity (recall), specificity, and F1-score, all widely used in 
medical image analysis to provide a comprehensive assessment of classification performance. 
Accuracy captures overall classification performance, sensitivity reflects the ability to detect 
malignant subtypes correctly, specificity evaluates the model’s capability to reject non-malignant 
cases, and F1-score balances precision and recall in instances of class imbalance. Table 2 presents the 
classification performance of multiple deep learning architectures on the ALL database using a 70:30 
train–test split across five experimental runs (Runs 1, 3, 5, 7, and 10), followed by an overall average 
comparison. The evaluated models include EfficientNetV2-S + CBAM + Focal Loss, MobileNetV3, 
ResNet50, DenseNet121, VGG16, and InceptionV3, with performance assessed using Accuracy, 
Precision, Recall, Specificity, F1 Score, and AUC. A comprehensive analysis of Table 2 clearly 
demonstrates the superior and consistent performance of the proposed EfficientNetV2-S + CBAM + 
Focal Loss model across all evaluation metrics and experimental runs. First, in terms of accuracy, the 
proposed model achieves the highest values across all runs, ranging from 0.9385 (Run 7) to 0.9624 
(Run 1), with an average accuracy of 0.9611, as shown in Table 2. This indicates a highly stable and 
reliable classification capability across all classes. In contrast, MobileNetV3, which represents a 
lightweight architecture, achieves a considerably lower average accuracy of 0.9032, followed by 
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ResNet50 (0.8847), DenseNet121 (0.8712), VGG16 (0.8482), and InceptionV3 (0.8412). The substantial 
performance gap of approximately 5.8–12% between the proposed model and baseline architectures 
suggests that integrating CBAM and Focal Loss significantly enhances feature representation and 
class discrimination in microscopic blood smear images. Regarding precision, Table 2 shows that 
EfficientNetV2-S + CBAM + Focal Loss maintains the highest average precision of 0.9420, indicating 
its strong ability to correctly identify positive ALL cases while minimizing false positives. Across 
individual runs, precision remains consistently above 0.9171, demonstrating robustness against class 
imbalance and noisy features commonly observed in medical image datasets. By comparison, 
MobileNetV3 achieves an average precision of 0.8954, while deeper architectures such as ResNet50 
and DenseNet121 obtain 0.8649 and 0.8522, respectively. The lower precision values of VGG16 
(0.8250) and InceptionV3 (0.8218) further highlight their limitations in capturing fine-grained 
morphological characteristics of leukemic cells. In terms of recall (sensitivity), which is critical in 
medical diagnosis to ensure that true leukemia cases are not missed, the proposed model again 
demonstrates superior performance with an average recall of 0.9136. As observed in Table 2, recall 
values remain consistently high across all runs, particularly in Runs 1 (0.9367) and 5 (0.9366), 
indicating effective detection of ALL-positive samples. In contrast, MobileNetV3 records an average 
recall of 0.8955, followed by ResNet50 (0.8723) and DenseNet121 (0.8646). The relatively lower recall 
of VGG16 (0.8311) and InceptionV3 (0.8249) suggests that these architectures are more prone to false 
negatives, which is undesirable in clinical screening scenarios where early detection is crucial. 
Specificity analysis in Table 2 further supports the robustness of the proposed framework. 
EfficientNetV2-S + CBAM + Focal Loss achieves an average specificity of 0.9542, the highest among 
all models, indicating its strong ability to correctly classify non-ALL samples. High specificity is 
particularly important in hematological image analysis to avoid overdiagnosis and unnecessary 
clinical interventions. Although MobileNetV3 shows relatively competitive specificity (0.8923), it still 
lags behind the proposed method by more than 6%. Other models, including ResNet50 (0.8744), 
DenseNet121 (0.8675), VGG16 (0.8321), and InceptionV3 (0.8242), exhibit notably lower specificity, 
reflecting weaker background discrimination. The F1 Score, which balances precision and recall, 
provides additional insight into the overall classification effectiveness. As reported in Table 2, the 
proposed model achieves the highest average F1 Score of 0.9519, indicating an optimal trade-off 
between sensitivity and precision. This consistent superiority is evident across all runs, with F1 values 
exceeding 0.9311 in every case. In contrast, MobileNetV3 obtains an average F1 Score of 0.8941, 
followed by ResNet50 (0.8807) and DenseNet121 (0.8546). The comparatively lower F1 Scores of 
VGG16 (0.8423) and InceptionV3 (0.8175) suggest that these models struggle to maintain balanced 
performance in complex cytological image classification tasks. Moreover, the AUC metric in Table 2 
highlights the discriminative power of each model. EfficientNetV2-S + CBAM + Focal Loss achieves 
the highest average AUC of 0.9902, demonstrating excellent class separability and a near-perfect 
classification boundary. The AUC values across runs remain consistently high (above 0.9581), 
indicating stable model generalization. MobileNetV3 achieves a moderate average AUC of 0.9189, 
while ResNet50 (0.8909) and DenseNet121 (0.8742) show comparatively weaker discrimination 
capability. VGG16 and InceptionV3 exhibit the lowest AUC values (0.8516 and 0.8121, respectively), 
reinforcing their limited effectiveness in handling the visual complexity of ALL datasets. Another 
important observation from Table 2 is the stability of the proposed model across different 
experimental runs. Despite minor fluctuations due to random data partitioning, the performance 
metrics remain consistently high, particularly in Runs 1 and 10, where accuracy exceeds 0.962, and 
F1 Score surpasses 0.953. Even in the lowest-performing run (Run 7), the proposed model still 
outperforms all baseline architectures, demonstrating strong robustness and reproducibility. In 
contrast, traditional architectures such as VGG16 and InceptionV3 show greater variability and lower 
stability, indicating sensitivity to dataset variations. Table 3 presents the comparative classification 
performance of six deep learning architectures on the ALL database using a 60:40 train–test split 
across five independent experimental runs (Runs 1, 3, 5, 7, and 10), followed by the overall average 
results. The evaluated models include EfficientNetV2-S + CBAM + Focal Loss, MobileNetV3, 
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ResNet50, DenseNet121, VGG16, and InceptionV3, with performance measured using Accuracy, 
Precision, Recall, Specificity, F1 Score, and AUC. A detailed examination of Table 3 indicates that the 
proposed EfficientNetV2-S + CBAM + Focal Loss model consistently outperforms all baseline 
architectures across all performance metrics, demonstrating strong robustness and generalization 
even under a more challenging 60:40 data partition. Firstly, in terms of accuracy, the proposed model 
achieves the highest performance across all experimental runs, with values ranging from 0.9597 (Run 
3) to 0.9725 (Run 7) and an average accuracy of 0.9611, as shown in Table 3. This high level of accuracy 
under a reduced training proportion confirms the model’s strong learning capability and stability in 
classifying Acute Lymphoblastic Leukemia (ALL) cells. In contrast, MobileNetV3 records an average 
accuracy of 0.9098, followed by ResNet50 (0.8987), DenseNet121 (0.8725), VGG16 (0.8512), and 
InceptionV3 (0.8502). The performance gap of over 5%–11% between the proposed method and 
conventional architectures highlights the effectiveness of attention-guided feature learning and 
imbalance-aware optimization in complex hematological image classification tasks. Regarding 
precision, Table 3 shows that EfficientNetV2-S + CBAM + Focal Loss achieves the highest average 
precision of 0.9623, indicating superior capability in correctly identifying positive ALL samples while 
minimizing false positives. Across individual runs, precision remains consistently above 0.9590, 
peaking at 0.9724 in Run 7. This stability suggests that integrating CBAM enables the model to focus 
on discriminative cellular features, such as nucleus morphology and cytoplasmic texture. In 
comparison, MobileNetV3 achieves an average precision of 0.9042, while ResNet50 and DenseNet121 
record 0.8920 and 0.8789, respectively. The lower precision of VGG16 (0.8672) and InceptionV3 
(0.8610) indicates greater susceptibility to misclassification, particularly among visually similar 
leukocyte structures. Recall (sensitivity) is a crucial metric in medical diagnosis, as it reflects the 
model’s ability to correctly detect true leukemia cases. As illustrated in Table 3, the proposed model 
achieves the highest average recall of 0.9598, with an exceptional peak of 0.9774 in Run 7. These 
results demonstrate the model’s strong capability to detect ALL-positive samples, thereby reducing 
the risk of false negatives, which is critical in clinical screening systems. In contrast, MobileNetV3 
shows an average recall of 0.8944, while ResNet50 and DenseNet121 achieve 0.8744 and 0.8620, 
respectively. VGG16 (0.8510) and InceptionV3 (0.8478) exhibit the lowest recall values, suggesting 
limited effectiveness in capturing subtle pathological features in blood smear images. Specificity 
analysis in Table 3 further reinforces the superiority of the proposed framework. EfficientNetV2-S + 
CBAM + Focal Loss achieves an outstanding average specificity of 0.9777, the highest among all 
compared models. This indicates that the model is highly effective in correctly classifying non-ALL 
samples and avoiding overdiagnosis. Across runs, specificity remains consistently high, exceeding 
0.9598 in all cases. In comparison, MobileNetV3 achieves an average specificity of 0.9434, followed 
by ResNet50 (0.9206) and DenseNet121 (0.9045). The lower specificity values observed in VGG16 
(0.8788) and InceptionV3 (0.8700) reflect weaker discrimination between normal and leukemic cells, 
potentially leading to higher false-positive rates in practical applications. The F1 Score, which 
balances precision and recall, provides a comprehensive measure of classification performance. As 
shown in Table 3, the proposed model achieves the highest average F1 Score of 0.9599, indicating an 
optimal balance between sensitivity and precision. The F1 Score remains consistently high across all 
runs, particularly in Run 7 (0.9698), demonstrating strong classification reliability and robustness. By 
contrast, MobileNetV3 achieves an average F1 Score of 0.9041, followed by ResNet50 (0.8972) and 
DenseNet121 (0.8843). VGG16 and InceptionV3 achieve lower F1 Scores of 0.8710 and 0.8612, 
respectively, highlighting their relatively weaker ability to handle class imbalance and complex 
visual patterns across ALL datasets. Furthermore, the AUC values in Table 3 indicate the 
discriminative power of each model in separating the ALL and non-ALL classes. The proposed 
EfficientNetV2-S + CBAM + Focal Loss model achieves the highest average AUC of 0.9875, indicating 
a near-perfect classification boundary and excellent separability. The AUC values remain consistently 
high across all runs (above 0.9617), confirming strong generalization and stability. MobileNetV3 and 
ResNet50 achieve average AUC values of 0.9547 and 0.9512, respectively, which are competitive but 
still inferior to the proposed model. DenseNet121 (0.9398), VGG16 (0.9298), and InceptionV3 (0.9189) 
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exhibit comparatively lower AUC values, suggesting reduced effectiveness in distinguishing subtle 
morphological variations in leukemic cells. Another important observation from Table 3 is the 
consistency of the proposed model across multiple experimental runs. Despite the increased test size 
in the 60:40 split, the model maintains stable, high performance across all metrics, particularly in 
Runs 1, 7, and 10, where accuracy exceeds 0.967, and F1 Score remains above 0.957. This consistency 
demonstrates the architectureʹs robustness to variations in the training data distribution and confirms 
its strong generalization capability. In contrast, traditional architectures such as VGG16 and 
InceptionV3 exhibit noticeable performance degradation and variability across runs, indicating 
greater sensitivity to dataset partitioning and limited adaptability to the complexity of medical 
imaging. From a methodological standpoint, the superior performance of EfficientNetV2-S + CBAM 
+ Focal Loss stems from the synergistic integration of three key components. EfficientNetV2-S 
provides efficient compound scaling and deep feature extraction, enabling the model to capture 
multi-scale morphological patterns in blood smear images. The CBAM (Convolutional Block 
Attention Module) enhances spatial and channel-wise attention, allowing the network to focus on 
diagnostically relevant regions such as leukemic nuclei and chromatin structures. Additionally, Focal 
Loss effectively addresses class imbalance by emphasizing difficult samples, thereby improving recall 
and F1 Score without compromising precision. Compared with MobileNetV3, MobileNetV3 offers 
competitive performance due to its lightweight design but lacks advanced attention mechanisms for 
fine-grained feature refinement. ResNet50 and DenseNet121 demonstrate moderate performance; 
however, their absence of explicit attention modules limits their ability to capture localized 
pathological features.  Meanwhile, VGG16 and InceptionV3 exhibit the lowest performance across 
most metrics, suggesting that older architectures are less suitable for high-precision hematological 
image classification tasks. 

Table 2. ALL classification performance in the ALL database (70:30). 

Run Method Accuracy Precision Recall Specificity F1 Score AUC 

1  EfficientNetV2-S + CBAM + Focal Loss 0.9624 0.9518 0.9367 0.9805 0.9311 0.9581 

MobileNetV3 0.8936 0.8969 0.8817 0.9168 0.8952 0.9044 

ResNet50 0.8636 0.8726 0.8567 0.9036 0.866 0.9002 

DenseNet121 0.8436 0.8511 0.8372 0.8828 0.8479 0.9091 

VGG16 0.8431 0.8223 0.8178 0.8753 0.8288 0.8939 

InceptionV3 0.8291 0.8119 0.8198 0.8791 0.8114 0.8624 

3  EfficientNetV2-S + CBAM + Focal Loss 0.9477 0.9377 0.9277 0.9662 0.9406 0.9876 

MobileNetV3 0.8887 0.8854 0.8603 0.8944 0.8751 0.9268 

ResNet50 0.878 0.8822 0.8529 0.8428 0.8502 0.9212 

DenseNet121 0.8682 0.8480 0.8420 0.8316 0.8483 0.8840 

VGG16 0.8543 0.8418 0.8233 0.8202 0.8391 0.8399 

InceptionV3 0.8264 0.8383 0.8201 0.8141 0.8303 0.8354 

5  EfficientNetV2-S + CBAM + Focal Loss 0.9513 0.9171 0.9366 0.9614 0.9354 0.9809 

MobileNetV3 0.8891 0.8716 0.8793 0.8947 0.8929 0.9368 

ResNet50 0.8844 0.8669 0.8695 0.8862 0.8746 0.9274 

DenseNet121 0.8566 0.8644 0.8585 0.8770 0.8682 0.9186 

VGG16 0.8416 0.8470 0.8218 0.8326 0.8279 0.8654 

InceptionV3 0.8351 0.8378 0.8172 0.8421 0.8274 0.8475 

7 EfficientNetV2-S + CBAM + Focal Loss 0.9385 0.9242 0.9107 0.9515 0.9451 0.9609 

MobileNetV3 0.9050 0.8917 0.8936 0.9298 0.8962 0.9357 

ResNet50 0.8623 0.8863 0.8629 0.8901 0.8818 0.8905 
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DenseNet121 0.8541 0.8421 0.8521 0.8847 0.8507 0.8574 

VGG16 0.8461 0.8358 0.8367 0.8742 0.8477 0.84451 

InceptionV3 0.8209 0.8107 0.8225 0.8556 0.8175 0.8133 

10  EfficientNetV2-S + CBAM + Focal Loss 0.9621 0.9441 0.9162 0.9594 0.9538 0.9714 

MobileNetV3 0.9097 0.8961 0.8963 0.8955 0.8952 0.9040 

ResNet50 0.8868 0.8673 0.8753 0.8758 0.8814 0.8928 

DenseNet121 0.8714 0.8543 0.8675 0.8695 0.8589 0.8764 

VGG16 0.8495 0.8262 0.8328 0.8335 0.8442 0.8621 

InceptionV3 0.8420 0.8190 0.8175 0.8288 0.8185 0.8301 

Average EfficientNetV2-S + CBAM + Focal Loss 0.9611 0.9420 0.9136 0.9542 0.9519 0.9902 

MobileNetV3 0.9032 0.8954 0.8955 0.8923 0.8941 0.9189 

ResNet50 0.8847 0.8649 0.8723 0.8744 0.8807 0.8909 

DenseNet121 0.8712 0.8522 0.8646 0.8675 0.8546 0.8742 

VGG16 0.8482 0.8250 0.8311 0.8321 0.8423 0.8516 

InceptionV3 0.8412 0.8218 0.8249 0.8242 0.8175 0.8121 

Table 3. ALL classification performance in the ALL database (60:40). 

Run Method Accuracy Precision Recall Specificity F1 Score AUC 

1 EfficientNetV2-S + CBAM + Focal Loss 0.9670 0.9616 0.9541 0.9752 0.9577 0.9871 

MobileNetV3 0.9123 0.9055 0.8975 0.9425 0.9010 0.9752 

ResNet50 0.9085 0.9114 0.9063 0.9474 0.9081 0.9765 

DenseNet121 0.9053 0.9176 0.9125 0.9556 0.9134 0.9758 

VGG16 0.8937 0.8826 0.8788 0.9351 0.8760 0.9529 

InceptionV3 0.8821 0.8952 0.8842 0.9382 0.8894 0.9458 

3 EfficientNetV2-S + CBAM + Focal Loss 0.9597 0.9590 0.9504 0.9612 0.9517 0.9798 

MobileNetV3 0.9167 0.9032 0.8987 0.9125 0.8991 0.9598 

ResNet50 0.9098 0.8989 0.8891 0.8978 0.8801 0.9495 

DenseNet121 0.8912 0.8903 0.8804 0.8736 0.8765 0.9458 

VGG16 0.8837 0.8779 0.8703 0.8628 0.8690 0.9392 

InceptionV3 0.8725 0.8602 0.8688 0.8579 0.8584 0.9301 

5 EfficientNetV2-S + CBAM + Focal Loss 0.96602 0.9660 0.9601 0.9598 0.9601 0.9803 

MobileNetV3 0.9102 0.8994 0.8967 0.9228 0.9165 0.9202 

ResNet50 0.8985 0.8941 0.8897 0.9131 0.8974 0.9144 

DenseNet121 0.8745 0.8890 0.8789 0.9101 0.8803 0.9132 

VGG16 0.8705 0.8779 0.8703 0.8928 0.8690 0.9092 

InceptionV3 0.8687 0.8678 0.8701 0.8718 0.8610 0.8932 

7 EfficientNetV2-S + CBAM + Focal Loss 0.9725 0.9724 0.9774 0.9610 0.9698 0.9617 

MobileNetV3 0.9235 0.9036 0.9098 0.9305 0.9045 0.9214 

ResNet50 0.9014 0.8912 0.8720 0.9229 0.8977 0.9101 

DenseNet121 0.8871 0.8824 0.8702 0.9152 0.8876 0.9002 

VGG16 0.8678 0.8698 0.8645 0.9102 0.8701 0.8932 

InceptionV3 0.8610 0.8605 0.8630 0.9087 0.8642 0.8909 

10 EfficientNetV2-S + CBAM + Focal Loss 0.9671 0.9612 0.9548 0.9758 0.9578 0.9870 
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MobileNetV3 0.9128 0.9051 0.8970 0.9420 0.9015 0.9653 

ResNet50 0.9078 0.8936 0.8765 0.9278 0.8930 0.9610 

DenseNet121 0.8798 0.8810 0.8692 0.9098 0.8810 0.9487 

VGG16 0.8598 0.8701 0.8589 0.8895 0.8742 0.9376 

InceptionV3 0.8522 0.8610 0.8465 0.8712 0.8608 0.9221 

Average EfficientNetV2-S + CBAM + Focal Loss 0.9611 0.9623 0.9598 0.97770 0.95992 0.9875 

MobileNetV3 0.9098 0.9042 0.8944 0.9434 0.9041 0.9547 

ResNet50 0.8987 0.8920 0.8744 0.9206 0.8972 0.9512 

DenseNet121 0.8725 0.8789 0.8620 0.9045 0.8843 0.9398 

VGG16 0.8512 0.8672 0.8510 0.8788 0.8710 0.9298 

InceptionV3 0.8502 0.8610 0.8478 0.87003 0.8612 0.9189 

 

Figure 2. Parallel coordinates plot of standardized performance metrics for six deep learning models on the ALL 
dataset with 60:40 and 70:30 train-test splits. 

Figure 3 presents a comparative evaluation of six convolutional neural network architectures on 
the ALL dataset for the classification of acute lymphoblastic leukemia (ALL). The visualization 
integrates multiple performance metrics, including accuracy, precision, recall, specificity, F1-score, 
and AUC, averaged over repeated experimental runs across both 70:30 and 60:40 train–test splits. The 
results clearly indicate that the proposed EfficientNetV2-S, enhanced with CBAM and Focal Loss, 
consistently achieves the highest performance across all metrics, reflecting its superior capacity for 
discriminative feature extraction, balanced classification, and robustness against class imbalance. By 
contrast, traditional architectures such as VGG16 and InceptionV3 exhibit lower performance, 
particularly in recall and AUC, highlighting their reduced ability to capture the fine-grained 
morphological variations of leukemic cells. Models such as ResNet50, DenseNet121, and 
MobileNetV3 occupy intermediate positions, with MobileNetV3 performing best among the 
baselines but still trailing behind the proposed approach. This visualization highlights the 
importance of attention mechanisms and imbalance-aware loss functions in enhancing hematological 
image analysis. The consistent superiority of the proposed hybrid model across all experimental 
conditions emphasizes its potential as a clinically reliable tool for automated leukemia detection and 
subtype classification. 
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Figure 3. Confusion matrices for ALL classification using six deep learning models across two data splits (70:30 
and 60:40). 

Figures 4–7 present representative outputs of the proposed method applied to original blood 
cell images across the four disease stages: Benign (Figure 4), Pro-B (Figure 5), Pre-B (Figure 6), and 
Early Pre-B (Figure 7). The visualizations highlight the model’s capacity to extract discriminative 
morphological and chromatic features, enabling clear differentiation between normal and malignant 
stages, as well as among progressively advancing leukemic subtypes. These results provide 
qualitative evidence of the framework’s ability to capture subtle structural variations in cell 
morphology that are critical for reliable classification. Figure 8 illustrates the confusion matrices of 
the EfficientNetV2-S + CBAM + Focal Loss model for four-class blood cancer classification under both 
70:30 and 60:40 train–test splits. The model demonstrates consistently high class-specific accuracy of 
96–97%, with only limited misclassification observed between morphologically adjacent stages. In 
particular, minor overlaps were noted between Benign and Pro-B, and between Pre-B and Early Pre-
B, reflecting the inherent difficulty of distinguishing these visually similar subtypes. Despite these 
challenges, the confusion matrices exhibit strong diagonal dominance across both splits, confirming 
the model’s robust generalization capability and fine-grained discriminative power. Collectively, 
these results provide both qualitative and quantitative validation of the proposed approach. The clear 
separation of lesion classes in the visual results and the high diagonal values in the confusion matrices 
strongly support the frameworkʹs reliability for multi-stage leukemia detection in clinical practice. 

 
Figure 4. illustrates the proposed method applied to the original blood cell images at the benign stage. 
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Figure 5. illustrates the proposed method applied to the original blood cell images at the Pro-B stage. 

 

Figure 6. illustrates the proposed method applied to the original blood cell images at the Pre-B stage. 
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Figure 7. illustrates the proposed method applied to the original blood cell images at the early Pre-B stage. 

 
Figure 8. Confusion matrices of EfficientNetV2-S for four-class blood cancer classification under 70:30 and 60:40 
train-test splits, demonstrating high accuracy and minimal stage-wise misclassification. 

5.1. Classification with Different Color Spaces 

Color space conversion enhances the discriminative power of blood smear images and reduces 
the classification modelsʹ sensitivity to staining variability, illumination differences, and background 
noise. At the same time, the original microscopic images are typically captured in the RGB color 
space, defined as Eq. (24). 

                          RGBI (x, y)=[R(x, y), G(x, y), B(x, y)]                         (24) 

where ∈R(x, y), G(x, y), B(x, y) [0, 255],  the RGB space is often suboptimal due to its strong 
dependence on lighting conditions, images are transformed into alternative perceptually uniform 
color spaces, such as HSV, LAB, and HED, to improve lesion visibility and isolate diagnostically 
relevant regions. Each of these representations offers distinct advantages in robustness, contrast 
enhancement, and feature separability. 
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The HSV color space separates chromatic content into Hue (H), Saturation (S), and Value (V) 
components, thereby improving invariance to changes in illumination and contrast. The 
transformation is defined as Eq. (25). 

,
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where Cmax and Cmin denote the maximum and minimum RGB intensities, and Δ = (Cmax – Cmin). Let 
.∈ ∈ ∈ H [0 , 360 ], S [0, 1], V [0, 1]  This space is used to isolate purple nuclei by thresholding

≈ ± H 270 15 and S > 0.2, which is defined as Eq. (26).  
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The LAB space emphasizes chromatic differences independent of luminance, enabling better contrast 
between nuclei and cytoplasm. Empirically, leukemic nuclei tend to cluster within negative a* (bluish 
tones) and positive b* values (purplish tones), which allows for more reliable segmentation. 

The HED color space (Hematoxylin, Eosin, DAB) is obtained via color deconvolution, a widely 
used technique in histopathological image analysis to separate staining components. The 
transformation is defined as Eq. (27). 

1
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where 𝑀 is the stain matrix containing optical density (OD) vectors for hematoxylin (H), eosin (E), 
and DAB (D) channels, and 𝐶𝐻𝐸𝐷 represents the corresponding concentration matrix. This 
decomposition isolates nuclei (H channel), cytoplasm (E channel), and chromogen regions (D 
channel), thereby enhancing lesion visibility by disentangling overlapping stain contributions. An 
example of a four-color space visualization, including RGB, HSV, LAB, and HED, is illustrated in 
Figure 9. 

 
(a) (b) (c) (d) 

Figure 9. The effect of applying the color space analysis, (a) RGB, (b) HSV, (c) HED, (d) LAB. 
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5.2. Comparative Evaluation of Color Spaces 

The segmentation and classification performance of EfficientNetV2-S + CBAM + Focal Loss was 
systematically evaluated across four color spaces (RGB, HSV, LAB, and HED) under both 70:30 and 
60:40 train–test splits. Metrics, including Accuracy, Precision, Recall, Specificity, F1-Score, AUC, and 
average running time per image, were computed (see Table 4). 

Table 4. Segmentation Performance of EfficientNetV2-S + CBAM + Focal Loss Across Color Spaces. 

Color 
Space 

Split Accuracy Precision Recall Specificity F1 
Score 

AUC Running Time (s)/image 

RGB 70:30 0.9611 0.9420 0.9136 0.9542 0.9519 0.9902 4.25  
60:40 0.9611 0.9623 0.9598 0.9777 0.9599 0.9875 4.32 

HSV 70:30 0.9556 0.9408 0.9202 0.9482 0.9301 0.9825 4.58  
60:40 0.9589 0.9510 0.9389 0.9655 0.9448 0.9837 4.61 

LAB 70:30 0.9511 0.9457 0.9308 0.9546 0.9381 0.9862 4.86  
60:40 0.9535 0.9458 0.9420 0.9697 0.9488 0.9871 4.90 

HED 70:30 0.9562 0.9523 0.9402 0.9591 0.9462 0.9802 5.23  
60:40 0.9598 0.9514 0.9531 0.9541 0.9572 0.9815 5.31 

Table 4 summarizes the segmentation performance of the proposed EfficientNetV2-S + CBAM + 
Focal Loss framework across four color spaces, evaluated with 70:30 and 60:40 train–test splits. 
Performance was measured using Accuracy, Precision, Recall, Specificity, F1-Score, AUC, and per-
image running time. The results clearly demonstrate that the RGB color space provides the strongest 
overall performance, with an accuracy of 0.9611, F1-score of 0.9599, and an AUC of 0.9902 under the 
70:30 split, while achieving the lowest average running time (4.25–4.32 s/image). This indicates that 
RGB, despite its sensitivity to illumination variations, remains the most computationally efficient and 
reliable representation for blood smear classification when combined with advanced deep learning 
frameworks. The HSV color space achieves competitive performance, with recall values consistently 
above 0.92, highlighting its robustness to illumination changes. However, its slightly lower F1-scores 
(0.9301–0.9448) compared to RGB suggest challenges in balancing precision and recall. The LAB color 
space shows strong generalization, particularly under the 60:40 split, with a recall of 0.9420 and a 
specificity of 0.9697, outperforming HSV in lesion boundary detection. Its slightly higher runtime 
(4.86–4.90 s/image) reflects the additional computational overhead introduced by the RGB–XYZ–LAB 
conversion. The HED color space, optimized for stain separation, achieves high recall (0.9402–0.9531) 
and specificity (~0.95), but its overall performance is slightly lower than RGB and LAB, with AUC 
values of 0.9802–0.9815. Importantly, HED incurs the highest computational cost (5.23–5.31 s/image), 
primarily due to the need for stain deconvolution and matrix inversion. Overall, the findings indicate 
that while RGB-based segmentation yields the best trade-off among accuracy, efficiency, and clinical 
reliability, alternative spaces, such as LAB and HED, provide complementary benefits by enhancing 
boundary detection and stain invariance. The 60:40 split consistently outperforms 70:30 across all 
color spaces in recall and F1-score, indicating improved generalization with larger test sets. 

6. Conclusion 

This study introduces an Advanced Lightweight Deep Learning (ALDL) framework for the 
multi-class classification of blood cancers from peripheral blood smear (PBS) images, targeting four 
clinically relevant stages: Benign, Pro-B, Pre-B, and Early Pre-B. The proposed approach leverages 
EfficientNetV2-S integrated with CBAM and optimized with Focal Loss, thereby achieving a robust 
balance among high predictive accuracy, strong generalization, and computational efficiency. A 
comprehensive preprocessing pipeline, comprising CLAHE for contrast enhancement, Reinhard 
stain normalization for chromatic consistency, and data augmentation for improved generalizability, 
ensured high-quality input data. Furthermore, lesion-level segmentation was performed using RGB-
based intensity thresholding and watershed overlay, enhancing lesion visibility and facilitating 
morphological feature extraction. These steps significantly contributed to the reliability of 
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downstream classification. Experimental evaluations conducted on ALL-DB datasets validated the 
superiority of the proposed method. The model consistently achieved an average accuracy of 96.11%, 
an F1-score of 95.99%, and an AUC of 0.9875, outperforming benchmark architectures including 
MobileNetV3, ResNet50, DenseNet121, VGG16, and InceptionV3 across both 70:30 and 60:40 train–
test splits. This consistent improvement underscores the framework’s robustness and generalization 
capabilities. Additionally, a comparative analysis across multiple color spaces (RGB, HSV, LAB, and 
HED) revealed that RGB provides the most clinically reliable segmentation and classification 
outcomes, due to its computational simplicity and strong performance across evaluation metrics. 
While the HED color space enhanced lesion visualization through stain decomposition, it incurred a 
significantly higher computational cost, highlighting the trade-off between segmentation 
interpretability and efficiency. The findings demonstrate strong potential for real-world adoption as 
a computer-aided diagnostic (CAD) system for early detection of leukemia, thereby supporting 
hematopathologists in decision-making and reducing the likelihood of diagnostic errors. 

7. Future Work 

While the proposed ALDL framework demonstrates significant improvements in accuracy, 
robustness, and computational efficiency for multi-class blood cancer classification, several avenues 
remain open for future research. First, validation should be extended to larger, more diverse clinical 
datasets across multiple institutions to enhance generalizability and reduce potential dataset-specific 
biases. Second, integrating multimodal data sources, such as genetic, molecular, and clinical records, 
with peripheral blood smear images could enhance diagnostic precision and provide a more 
comprehensive understanding of disease progression. Third, incorporating semi-supervised and self-
supervised learning techniques may reduce reliance on extensive annotated datasets, which remain 
a significant bottleneck in medical imaging. Additionally, optimizing the framework for real-time 
clinical deployment on resource-constrained hardware, such as mobile or edge devices, will be crucial 
for achieving broad adoption in low-resource healthcare settings. Finally, exploring explainable AI 
(XAI) approaches to improve model interpretability could foster greater trust and acceptance among 
clinicians by providing transparent insights into classification decisions. 
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