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Leukemia is a potentially fatal hematological cancer that affects people of all ages and remains one
of the leading causes of cancer death worldwide. It mostly impacts white blood cells (WBCs), which
leads to the aberrant growth of immature lymphocytes that disrupt the bloodstream and bone marrow.
Convolutional Neural Networks (CNNSs), a type of deep learning, have become a potent instrument in
medical image analysis in recent years, offering significant potential for automated and accurate disease
classification. In this study, we present a lightweight CNN architecture enhanced with Squeeze-and-
Excitation (SE) blocks for the classification of leukemia from peripheral blood smear images. The
proposed model effectively captures channel-wise interdependencies to dynamically recalibrate feature
responses, thereby improving the discrimination of relevant features. There were two publicly acces-
sible datasets used for the experiments: C-NMC-2019 and Blood Cells Cancer (Acute Lymphoblastic
Leukemia — ALL). The proposed model achieved an accuracy of 97.12% on the C-NMC-2019 dataset
(binary classification) and 99.79% on the Blood Cells Cancer (ALL) dataset (multi-class classifica-
tion). The results demonstrate that the proposed architecture achieves a strong trade-off between com-
putational efficiency and classification accuracy, indicating its suitability for real-time, computer-aided
leukemia diagnosis in clinical settings.

Keywords: Squeeze and Excitation, Convolutional Neural Network, Medical image classification, Acute Lym-
phoblastic Leukemia, Peripheral blood smear.

1. INTRODUCTION

Cancer is among the most deadly diseases, impacting human lives
across the world and spreading a shadow across the globe at large
(Ansari et al., 2018; Abioye et al., 2024). Among the various forms
of cancer, blood cell cancer is considered one of the major types due to
its severity and prevalence. Blood cancer deriving from bone marrow
is called leukemia, which leads to excessive production of atypical
white blood cells. Hence, weakening the immune system and reduc-
ing platelet and red blood cell (Ananth et al., 2023; Bibi et al., 2020;
Onciu, 2009; Sampathila et al., 2022). The subtypes of leukemia are
Chronic Leukemia (CL) and Acute Leukemia (AL). The progression
of CL is usually slow. Alternatively, without specialized treatment,
the average life expectancy of patients afflicted with AL is only 3
months (Rahman et al., 2023).

There are two subcategories of AL as classified by the French-
American-British (FAB) classification system: Acute Myeloid
Leukemia (AML) and Acute Lymphoblastic Leukemia (ALL). More-
over, Chronic Lymphocytic Leukemia (CLL) and Chronic Myeloid
Leukemia (CML) are the two separate forms of CL (Attallah & Om-
neya, 2024; Bennett et al., 1976; Das et al., 2020). Since ALL is
one of its more aggressive variants, improving survival rates requires
a prompt and precise diagnosis (Muhsin et al., 2024). Occasionally,
the early diagnosis is complicated by various circumstances in clini-

cal practice because bone marrow examination, a time-consuming and
specialized test, is required (Chiaretti ef al., 2014). The performance
of automated medical image analysis has improved considerably (An-
war et al., 2018). CNNs have shown strong capabilities in feature ex-
traction (Shamama & Afrin, 2020) and classification tasks (Agustin
et al., 2021) , thus being effective tools in the analysis of blood cell
images and the detection of leukemia (Saeed et al., 2024). However,
numerous models are costly in terms of computation, which restricts
their application to real-world systems such as small clinics, mobile
health devices, and so on. This research has made the following con-
tributions.

* Development of a lightweight CNN architecture in both mul-
ticlass and binary classification tasks, addressing the need for
efficient and accurate leukemia detection in medical imaging.

The developed model is computationally efficient, which bal-
ances high classification accuracy with significantly fewer pa-
rameters, enabling potential deployment in low-resource clini-
cal settings.

The integration of SE blocks with SeparableConv2D layers
aims to improve the model, effectively focusing on the most rel-
evant features while significantly lowering computational com-
plexity.
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This research is organized as follows. Section 2 reviews previ-
ous research on leukemia classification and deep learning techniques.
Section 3 details the proposed lightweight CNN model, datasets, and
implementation approach. The results are presented and discussed in
Section 4, and then the study is concluded and future research direc-
tions are outlined in Section 5.

2. 2. LITERATURE REVIEW

Deep learning has substantially advanced the field of medical
image analysis (Suzuki, 2017). In recent years, these advancements
have been particularly notable in the context of automated leukemia
classification from PBS images, demonstrating promising results in
clinical decision support (Erten ez al., 2024). CNNs have achieved
remarkable success in diagnosing hematologic malignancies by auto-
matic learning of hierarchical feature representations, thereby circum-
venting the reliance on manual feature engineering and enhancing the
accuracy of classification. Recent developments in this field are re-
viewed critically below. In binary and multiclass classification set-
tings, researchers have developed a range of lightweight and hybrid
approaches that have emerged.

Multiclass Classification Deep Learning Models:

Rahman ez al., (2023) proposed a hybrid machine and deep learn-
ing model for multiclass classification of ALL, integrating pre-trained
CNNs InceptionV3, VGG19, Xception, and ResNetS0, for feature
extraction with classical classifiers such as SVM, logistic regression
(LR), and random forest (RF). Feature selection was refined using
PCA, LDA, and SVC, further optimized by Particle Swarm Optimiza-
tion (PSO) and Cat Swarm Optimization (CSO). As the best perform-
ing, the optimum configuration, ResNet50 with SVC and LR, was
able to reach 99.84% accuracy after training on a set of 3,262 images.
Despite using lightweight CNNs (2M—5M parameters), the model’s
complexity, because of the use of multiple selection and classification
algorithms, had problems with scaling and overfitting. Expanding on
the necessity for lightweight models, a hybrid approach by Nayak et
al. (2024) was proposed by employing MobileNet as well as a sup-
port vector machine (SVM) to classify ALL subtypes. In this case,
MobileNet served as an effective feature extractor and SVM as a clas-
sifier to yield a 99.3% accuracy. However, the method had difficulty
generalizing across datasets.

Another study by Prakash et al., (2024) proposed a YOLOv8-
based hybrid model that integrated a Residual Convolutional Block
Attention Mechanism (RCBAM) and Depthwise Separable Convolu-
tions (DWSCNN). The resulting architecture, comprising only 4 mil-
lion parameters, was optimized for computational efficiency and rapid
inference, achieving a mean Average Precision (mAP) of 98.4% and
an Fl-score of 96.2%. The model was trained on 7,535 annotated
images representing four stages of leukemia, with data augmentation
and gamma correction to improve the contrast and increase general-
ization. While successful, the model did struggle to some extent with
class imbalance and was not very demographically adaptable. Alim
et al., (2024) presented a fine-tuned ResNet-50 model using five-fold
cross-validation and standard data augmentation. The model achieved
an accuracy of 99.38%, outperforming VGG-16, DenseNet-121, and
EfficientNetB0, however, despite its robust performance without seg-
mentation, its 24.8 million parameters (of which 1.2 million were
trainable) posed computational challenges.

To improve the preservation of morphological features, Dubai
et al., (2025) proposed MCB-HyperNet, a hybrid DL model based
on ResNet and a MobileNetV3 with novel Morphological Context
Blocks (MCBs). Trained on the ALL dataset, containing 3256 images,
the model got an accuracy of 99.69% with a relatively lightweight
characteristic of MobileNetV3. While MCB-HyperNet effectively
minimized false positives and negatives, its morphological approx-
imations brought complications and some risk of overfitting. In a re-
lated effort to improve interpretability, Dutta et al., (2025) presented
an attention-based CNN model for better interpretability, achieved
99% accuracy, and used visual explanation techniques like LIME and
SHAP. While the model demonstrated strong performance, its prac-
tical deployment was limited by a high sensitivity to hyperparameter
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tuning and a dependence on high-quality annotated data factors that
pose significant challenges in real-world clinical settings.

Binary classification deep learning models:

Extending the ensemble learning techniques, Kasani et al. (2020)
proposed an ensemble deep model that utilizes NASNetLarge and
VGG19, and its performance for the classification of leukemic B-
lymphoblast cells was evaluated on C NMC-2019 dataset. The orig-
inal dataset was composed of 10661 images, and was augmented to
70,000 samples due to the class imbalance. Based on transfer learn-
ing, fine-tuning of CNN and ensemble methods was also adopted to
improve the classification performance. NASNetLarge+VGG19 en-
semble, with around 111 million parameters, achieves the top accu-
racy of 96.58%. The treatment also remained computationally effi-
cient, with each image taking approximately 0.03 s to be processed.
However, it performed poorly in distinguishing healthy and leukemic
cells due to the visual similarity among them, suggesting that more
discriminative feature extraction is needed. In the spirit of ensemble
methods Chen ef al. (2021) introduced ResNet101-9, an ensemble of
nine fine-tuned ResNet-101 models. The model was trained on a total
of 12,528 C-NMC images, with the approach of majority voting and
the Taguchi optimal method, and obtained an F1-score of 88.94% and
an accuracy of 85.11%. Although the method made successful use
of transfer learning and had a low number of parameters, its perfor-
mance relied on careful hyperparameter selection, and it was sensitive
to mislabeled samples when learning from the data.

A custom CNN architecture named ALL-NET was proposed by
Sampathila et al. (2022). Trained on 10,661 images from the same
dataset and augmented to 12,000 images to address class imbalance,
this network comprised four convolutional layers and three dense lay-
ers. It was able to obtain 95.54% accuracy and 95.43% F1 score.
Nevertheless, while achieving state-of-the-art results, the proposed
model was limited by extensive preprocessing and computation, and
was susceptible to noise and overfitting. To address the computational
demands of deeper architectures, Jawahar ef al. (2022) proposed AL-
Net, a lightweight CNN with only 535,010 parameters. It was trained
on ISBI 2019 C-NMC dataset images resized to 224x224x3. The
model featured a compact design with clustered convolutional and
pooling layers and achieved 91.13% accuracy, 93% precision, 98%
recall, and a 96% F1-score. Even though ALNet achieved better per-
formance than many pretrained deep learning models in classification
efficiency, it still had a small limitation for generalization to unseen
data.

To further improve performance through multi-model integration,
Hasanaath et al. (2024) presented a two-stage ensemble method. This
method extracted deep features using InceptionResNetV2, VGGI16,
and DenseNet121, then classified using SVM. The model achieved
an Fl-score of 90.14% and accuracy of 91.63% of 10,661 C-NMC
dataset images when preprocesses such as resizing and normalizing
were applied. Although the complexity of those approaches was in-
creased by the feature fusion, it introduced a large computational cost
and degraded interpretability. In a study by Darmawan and Shab-
rina (2025), an interpretable deep learning model combining Effi-
cientNetV2B3 with LIME was proposed for the diagnosis of ALL,
using the C-NMC-2019 dataset. The dataset comprised 12,528 im-
ages, which were resized to 300%300 pixels and augmented to mitigate
class imbalance. The system achieved 97.95% accuracy, precision,
recall, and F1-score. To ensure interpretability, LIME was employed
to visualize image regions influential in the model’s predictions. Al-
though having an overall good performance, the model occasionally
misclassified the healthy cells, due to morphological similarity with
the leukemic ones.

The literature reveals that Recent deep learning models include
both multiclass and binary ALL classification models with high ac-
curacies ranging from 91% to 99.84% on the classification of ALL
from PBS images. Yet, several challenges in the fields like class im-
balance, insufficient generalization, complex pre-processing, and de-
ployment constraints still exist. These limitations underscore the need
for lightweight, robust models suitable for real-world clinical appli-
cations.
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Figure 1: Proposed methodology for this research.

3. MATERIALS AND METHODS

The methodology employed for classifying blood cell cancers in-
volves four key stages: Dataset description, pre processing of the im-
ages, proposed CNN structure design, and model evaluation. Figure
1 illustrates the broad model of the proposed method. The following
sections present a detailed account of all the stages.

Dataset Description:

The proposed method was evaluated using two publicly available
datasets from the Kaggle platform, one designed for multiclass classi-
fication and the other for binary classification. A detailed description
of each dataset is provided below.

Blood Cells Cancer (ALL):

A dataset comprising of 3,242 images was collected from 89 in-
dividuals who were thought to have ALL and was used in this in-
vestigation (Hosseini ef al., 2023). The images were prepared in the
Taleqani Hospital’s bone marrow lab in Tehran, Iran, where skilled lab
workers processed and stained blood samples. The dataset consists of
two main classifications: benign (hematogenous) and malignant. The
malignant class is further subdivided into three ALL subtypes: Pro-B,
Early Pre-B, and Pre-B lymphoblasts. Figure 2(A) shows images cap-
tured at 100x magnification using a Zeiss microscope-mounted cam-
era and saved as JPGs. Cell types and also subtypes were definitively
classified by a hematology expert using flow cytometry.
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C-NMC-2019:

The C-NMC-2019 dataset (Mourya et al., 2019) is compiled by
the University of Arkansas for Medical Sciences. It consists of 10,661
labeled PBS images collected from 73 subjects, comprising 26 healthy
people and 47 people with an ALL diagnosis. The data is split into
two groups: ALL (cancerous) and normal (non-cancerous). Among
the total images, 7,272 (approximately 68%) correspond to leukemic
cells, while 3,389 (approximately 32%) represent normal cells, as
shown in Figure 2 (B). The dataset creators applied preprocessing
techniques to minimize common issues in microscopic imaging, such
as staining variability and illumination inconsistencies, ensuring im-
proved image clarity and reliability.

Image Pre Processing:

Preprocessing of images is important for enhancing model per-
formance and lowering computation overhead. To start with, each im-
age was resized to 256x256 pixels for consistency within the dataset
and batch processing. The pixel values were then normalized after
resizing by dividing by 255 to rescale RGB color values into the [0,
1] range. This normalization step is required to speed up the con-
vergence of the training of neural network and to have a more stable
and efficient learning behavior. After preprocessing and normaliza-
tion, the dataset was divided with the ratio of 70% to 15% to 15% for
training, testing, and validation, as indicated in Table 1. This division
minimizes overfitting and enables objective performance evaluation
on unobserved data.

[Malignant] Pro-B [Malignant] early Pre-B

& S
2 L) -‘n‘,,w
= & e

Figure 2: Representative PBS images from the datasets utilized in this study: (A). Sample PBS images of the Blood Cells Cancer (ALL)

dataset, (B). Sample PBS images of C-NMC-2019 dataset.
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Table 1: Number of images utilized for training, validation, and
testing sets in Blood Cell Cancer (ALL) and C-NMC-2019 datasets.

Class Label Training Validation Testing
Benign 358 77 77
Blood Cells Cancer (ALL) Pre-B 669 143 143
(Multi-class) Pro-B 557 120 119
Early Pre-B 685 147 147
. All 5090 1091 1091
C-NMC-2019 (Binary) Hem 2372 500 508

Squeeze and Excitation Blocks:

The proposed architecture incorporates the Squeeze-and-
Excitation (SE) block, a lightweight yet effective module designed to
boost representational capacity by explicitly modeling inter-channel
dependence (Hu et al., 2018). As seen in Figure 3, the SE block adap-
tively recalibrates channel-wise feature responses given an input fea-
ture map tensor X[JR WxHXC, where W and H stand for spatial di-
mensions (width and height) and C for the number of channels.

The procedure initiates with a squeeze operation in which global
average pooling (GAP) is executed on each channel, generating a de-
scriptor SCIR 1x1xC, that encodes the global context of each channel.
This descriptor is then fed into two fully connected (FC) layers: the
first FC layer reduces the channel dimension by a factor =8, then a
Swish activation, and the second FC layer restores the original dimen-
sion C with normalized channel weights in the [0,1] range interval that
are obtained by sigmoid activation.

These weights are reshaped and broadcasted to match the dimen-
sions of the original feature map and are used to recalibrate the input
via channel-wise multiplication. By means of this attention mecha-
nism, the network can selectively emphasize informative features and
suppress irrelevant or noisy ones, thereby improving the feature dis-
criminability in downstream convolutional layers.

Proposed architecture (SE-CNN):

Table 2 summarizes the proposed CNN architecture designed for
binary and also multiclass classification of PBS images. The model
accepts RGB images resized to 256x256%3 as input. The feature ex-
traction backbone consists of four sequential convolutional blocks.

The first block employs a SeparableConv2D layer to reduce com-
putational complexity while preserving spatial feature extraction ca-
pabilities, thereby enabling efficient model performance with fewer
parameters compared to a standard convolutional layer. Separable-
Conv2D layer with 64 filters of size 3x3 and a stride of 1. This is
followed by a BatchNormalization (BN) layer, where the momentum

X U

_ 1*1*C
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C
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parameter set to 0.9 controls the moving average update rate of the
mean and variance during training. Subsequently, the Swish activa-
tion function is applied to enable smooth and non-monotonic nonlin-
ear transformations.

Then, an SE block with a reduction ratio of 8 is integrated to en-
hance channel-wise attention (detailed in Section 3.3). Downsam-
pling is achieved using a max pooling layer with a pool size of 2x2,
and ‘same’ padding, as depicted in Figure 4.

The second block follows the same architectural pattern but raises
the quantity of filters to 256. The third block continues similarly, em-
ploying 186 filters and still holding the SE mechanism. In the fourth
block, the number of filters is set to 156, but the SE block is inten-
tionally omitted to reduce computational overhead in deeper layers.
Each block maintains a consistent kernel size (3%3) and He-normal
initialization to promote stable training.

Following the convolutional stages, a GAP layer is employed to
reduce spatial dimensions and feed high-level features into a dense
layer with 128 neurons activated by Swish. A dropout layer with a
drop rate of 0.3 is used to avoid overfitting. Finally, an FC layer with
a single neuron and sigmoid activation is employed for binary clas-
sification. In the multiclass classification setup, the sigmoid output
layer is replaced by a dense layer with four output neurons activated
by a softmax function. This architecture maintained a low parame-
ter count while achieving an optimal trade-off between accuracy and
computational efficiency through the integration of separable convo-

lutions and attention mechanisms. .
Table 2: Overview of the SE-CNN model architecture

Stage Type of layer Param Shape
Input Input Layer 0 (None, 256, 256, 3)
SeparableConv2D+ BN 539 (None, 256, 256, 64)
Activation(swish) 0 (None, 256, 256, 64)
ConvBlock 1 o 1096 (None, 256, 256, 64)
MaxPooling2D 0 (None, 128, 128, 64)
SeparableConv2D+ BN 18240 (None, 128, 128, 256)
Conv Block 2 Activation(swish) 0 (None, 128, 128, 256)
SE 16672 (None, 128, 128, 256)
MaxPooling2D 0 (None, 64, 64, 256)
SeparableConv2D+ BN 50850 (None, 64, 64, 186)
Conv Block 3 Activation(swish) 0 (None, 64, 64, 186)
SE 8765 (None, 64, 64, 186)
MaxPooling2D 0 (None, 32, 32, 186)
SeparableConv2D+ BN 31470 (None, 32, 32, 156)
Conv Block 4 Activation(swish) 0 (None, 32, 32, 156)
MaxPooling2D 0 (None, 16, 16, 156)
GlobalAveragePooling2 0 (None, 156)
Classification ~ Dense 20096 (None, 128)
Head Dropout 0 . . (None, 128)
Dense_| 516 (Multiclass Classification) (None, 4)

129 (Binary Classification)
148244
147857

Total params (Multiclass Classification)
Total params (Binary Classification)

Squeeze Operation

1*1*C

r
Excite Operation

Figure 3: A pictorial representation of the SE operation (Bukhari ef al., 2022).
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Figure 4: Architecture of the SE-CNN model.

Model training:

The training of the SE-CNN method is carefully designed to
achieve a balance between the convergence speed, classification accu-
racy, and generalization ability such that the learning is efficient and
the model performance is optimal. The training process starts with
data preprocessing, which is designed to improve the quality and re-
silience of input samples in order to make the model less sensitive
to the input samples. Then, the network parameters are optimized
through a well-structured training pipeline that incorporates adaptive
optimization techniques and dynamic learning rate scheduling, mak-
ing the approach suitable for both multiclass as well as binary classi-
fication tasks.

The Nadam optimizer is used to train the SE-CNN model, which
is the combination of adaptive moment estimation and the momen-
tum of Nesterov Accelerated Gradient optimizer, and is suitable for
handling sparse gradients and noisy data (Salehi ez al., 2020). In ad-
dition, a Triangular Cyclical Learning Rate (CLR) schedule is used to
help accelerate training and improve convergence. This learning rate
technique allows the optimizer to explore the loss surface more effec-
tively, helping to avoid local minima and achieve better performance.

Both datasets exhibited reasonably balanced class distributions,
therefore, no specific imbalance-handling techniques were applied.
The model is trained with 60 epochs. For binary classification tasks,
we use the BinaryCrossentropy loss function, for multi-class classifi-
cation tasks, we use the Sparse Categorical Crossentropy loss, which
allows integer labeled classes. A summary of the complete training
configuration can be provided in Table 3.

Table 3: Summary of the respective hyperparameters used for the
training and evaluation of the model.

Hyperparameters  Values (Multiclass) Values (Binary)
Loss Function sparse_categorical_crossentropy ~ BinaryCrossentropy
Optimizers Nadam Nadam

Epochs 60 60

Batch_Size 32 52

Seed Values 42 42

Triangular Cyclical
Learning Rate

initial_learning_rate=1e-6
maximal_learning_rate=1e-3

initial_learning_rate=1e-6
maximal_learning_rate=le-2

Performance Measures:

This section explains the fundamental metrics required to mea-
sure the efficiency of the SE-CNN model. These measures give us the
ability to know how well the model distinguishes between leukemic
and non-leukemic samples. The assessment consists of four funda-
mental results:

* True Positive (TP): ALL cases that were correctly identified as
ALL.

* True Negative (TN): Healthy cases correctly identified as
healthy.

» False Positive (FP): Healthy cases incorrectly predicted as
ALL.
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» False Positive (FP): Healthy cases incorrectly predicted as
ALL.

Accuracy:

Accuracy represents the overall correctness of the model by eval-
uating the proportion of correctly predicted cases (both ALL and
healthy) overall number of cases (Devi ef al., 2024). It is computed
as:

TP + TN

1
TP + TN + FP + FN &

Accuracy =

Precision:

Precision evaluates the model’s dependability in identifying ALL
cases by determining the percentage of true ALL detections out of all
cases predicted as ALL (Pushpalatha et al., 2024):

TP

P isi = —
recision TP + FP

@

Sensitivity (True Positive Rate/ Recall):

Sensitivity, also referred to as recall or the true positive rate, mea-
sures the model’s capability detect ALL instances (Brahmaiah et al.,
2024). It is defined as the proportion of accurately predicted ALL in-
stances to the total number of actual ALL cases, as expressed by the
following equation:

TP

Sensitivity (Recall) = P T TN

©)

Specificity (True Negative Rate):

Specificity assesses the capability of the model to correctly iden-
tify healthy individuals by measuring the proportion of non-ALL
cases that are accurately classified as negative (Zolfaghari & Sajedi,
2022):

TP

Specificity = TP+ EN

“4)

F1 Score:

The F1 Score is a single, balanced metric that considers both false
positives and false negatives. It is the harmonic average of sensitivity
and precision. The F1 Score is especially well suited if there is a class
imbalance, as it gives a more meaningful number than accuracy alone
(Hasanaath et al., 2024), as denoted in the equation:

2 x TP

Fl =
Seore = 5 TP) + FP 1 FN

®)
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4. RESULTS ANALYSIS AND DISCUSSION

The evaluation process of the SE-CNN model was detailed in this
section by means of diverse analytical modalities. A preliminary com-
parison of training and validation accuracy offers a broad overview of
the model’s performance. Subsequently, the performance measures
such as precision, specificity, recall, and Fl-score were calculated
to provide a detailed evaluation of the classification abilities. This
method is also robust and provides fold-wise performance measures
as well as classification using the confusion matrix. Finally, the pro-
posed method was compared with several state-of-the-art methods to
demonstrate its competitive advantage in the classification of blood
cell cancer.

Accuracy and Loss vs. Epoch:

Figure 5 presents the training and validation performance of the
SE-CNN model over 60 epochs for both binary and multiclass clas-

SJUOZ | VOL14 | Jul 2026 | P512-522

sification tasks, evaluated in terms of accuracy and loss. The accu-
racy curves indicate that training accuracy remains consistently high
after the initial epochs. Although the validation accuracy exhibits
some fluctuations, likely due to dataset complexity and class imbal-
ance, it remains at relatively high levels throughout, demonstrating
the model’s robust generalization capabilities on unseen data across
both tasks.

The corresponding loss curves further support these observations.
Training loss steadily decreases and stabilizes at a low value, indicat-
ing efficient learning. In contrast, the validation loss shows greater
variability, with intermittent spikes that may be attributed to sample-
level noise or more challenging instances within the validation set.
Nonetheless, the absence of a sustained upward trend in validation
loss suggests that the SE-CNN model effectively avoids overfitting
and maintains a stable, generalizable learning trajectory.

Training Loss
1.00 —
e e =N validation Loss
/,f 1.50
0.95
1.254
0.90 | oo
) \ g
B g
5 083 | — 0.754
1
g
&
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|
0.75 0.25 “
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L
S——l -
000 Lo U VUV Y\ N AV ' — x
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Validation Accuracy o 10 20 30 40 50 80
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Figure 5: Training and validation accuracy and loss curves: (A) multiclass classification, (B) binary classification.

4.1 Confusion Matrix:

The multiclass and binary class confusion matrices in Figures
6 and 7 provide a more complete view of model performance. In
the multiclass task, the model presents high accuracy across training,
validation, and also testing datasets, with minimal misclassifications
among the four categories: Benign, Early Pre-B, Pro-B, and Pre-B.
For instance, in the testing set, only one Benign sample was misclas-
sified as Early Pre-B, while the remaining categories exhibited strong
predictive consistency. These results indicate the model effectively
distinguishes between closely related ALL subtypes.

In the binary classification, ALL and Healthy, the model achieved
high precision and recall with insignificant errors. Specifically, only
1,20, and 21 ALL samples were misclassified as Healthy in the train-
ing, validation, and testing sets. On the other hand, 5, 38, and 25

DO https://doi.org/10.2527 1/sju0z.2026.14.3.1701

Healthy samples were incorrectly labeled as ALL. These minor er-
rors correspond to exceptionally low misclassification rates, indicat-
ing strong generalization and robust feature learning. Overall, the pro-
posed model performs excellently in both classification tasks, high-
lighting its capability to distinguish between subtle morphological dif-
ferences in hematological images.

4.2 Performance Evaluation of SE-CNN Model:

The SE-CNN model was evaluated under both binary (2-class)
and multiclass (4-class) classification settings. In the multi-class sce-
nario, the model obtained a test accuracy of 99.79%, with validation
and training accuracies of 99.79 % and 99.91%, respectively. Figure
8 illustrates the 4-class model’s classification Performance.
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Figure 6: Confusion matrices for SE-CNN multi-class classification.
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Figure 7: Confusion matrices for SE-CNN binary classification.
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Figure 8: Class-wise and overall accuracy performance of the pro-
posed multi-class classification model.

Figure 9 illustrates that for the binary classification, the model at-
tained a test accuracy of 97.12%, alongside 99.92% training accuracy
and 96.37% validation accuracy.
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Figure 9: Class-wise and overall accuracy performance of the pro-
posed binary classification model.

Table 4 presents a thorough analysis of additional performance
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indicators, such as sensitivity, precision, Fl-score, and specificity,
which further validates the model’s efficacy in both classification
tasks.

To evaluate the discriminative performance of the SE-CNN
model, Receiver Operating Characteristic (ROC) curves were gener-
ated for both multiclass and binary classification tasks. As shown in
Figure 10(A), the multiclass model obtained an Area Under the Curve
(AUC) of 1.0 during the training, validation, and testing phases. This
near perfect performance can be attributed to the well structured na-
ture of the Blood Cells Cancer (ALL) dataset, which exhibits clear
visual distinctions among the different leukemia subtypes, thereby fa-
cilitating effective class separation. Additionally, the incorporation
of SE blocks and the application of strong regularization techniques
contributed to improved feature recalibration and reduced overfitting,
further enhancing the model’s class discrimination capability.

Similarly, Figure 10(B) presents the binary classification ROC
curves, with AUC values of 1.0, 0.99, and 0.99 for training, valida-
tion, and testing, respectively. These results demonstrate the robust-
ness and generalization capability of the SE-CNN architecture, show-
ing high performance in both binary and multi-class classification of
blood cell images.

Comparative Analysis and Computational Efficiency:

The computational complexity of deep learning models plays a
pivotal role in their practical deployment, particularly in medical di-
agnostic tasks (Shah & Bhavsar, 2022). Table 5 indicates that the
SE-CNN model has a few parameters and strong performance at the
same time, hence it is an efficient model computationally.
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Table 4: Summary of evaluation metrics for Binary and Multiclass classification tasks.

Metrics Training Validation Testing Training Validation Testing
Binary (2-class) Multiclass (4-class)
Precision (%) 99.96 95.93 95.83 99.93 99.83 99.83
Sensitivity (%) 99.79 92.53 95.08 99.86 99.68 99.68
Specificity (%) 99.98 98.17 98.08 99.97 99.93 99.93
F1-score (%) 99.87 94.20 95.45 99.89 99.75 99.75
10 10 H- _‘tj__»__,_ﬂt}:!&”,.t ________
08 08
g 06 E 06
E 04 g 04
02 02
+ Train (AUC = 1.0000) +Train (AUC = 1.0000)
Validation (AUC = 1,0000) Validation (AUC = 0.9877)
=== Test (AUC = 1.0000) === Test (AUC = 0.9931)
) 02 04 06 08 10 .y 02 0t 05 08 10
False Positive Rate False Positive Rate
A) ®)

Figure 10: ROC curve of the proposed SE-CNN model (A) multiclass classification, (B) binary classification.

All experiments were conducted on the Kaggle cloud platform,
utilizing an NVIDIA Tesla P100 GPU. The computational efficiency
ofthe SE-CNN model has been evaluated in terms of parameters num-
ber, training time, and inference speed. The multiclass classifica-
tion variant has 146,920 trainable parameters and ca. 573.91 KB of
memory, in particular computationally efficient. The average time for
training a model per epoch was around 21 seconds. At inference time,
it produced a fast and accurate test by processing 486 PBS test images
in 3 seconds, achieving a high test accuracy of 99.79% at a very low
final loss of 0.0043.

In contrast, the binary classification model has a total of 146,533
trainable parameters (approximately 572.39 KB) and can be consid-
ered as a lightweight architecture design for computational efficiency.
It took roughly 52 seconds per epoch for training and could classify
1599 PBS test image samples in 4 seconds of computing time with
a test accuracy of 97.12% and a final loss of 0.114. In addition, the
Computational complexity of the SE-CNN model was analyzed using
the Floating Point Operations (FLOPs). A concrete function of the
model was created on the model’s computation graph, and the amount
of floating-point arithmetic was approximated from a static graph pro-
file. From the analysis, the model needs (about 0.56G) FLOPs for a
single forward pass.

To further assess the efficiency and effectiveness of the proposed
architecture, Table 5 presents a comparative evaluation of three archi-

tectural configurations, each designed to isolate and quantify the in-
dividual contributions of the SE block and SeparableConv2D layers.
The evaluation was conducted on both binary and multiclass leukemia
classification tasks, using a consistent image input size across all vari-
ants to ensure fair comparison.

The first configuration omits the SE block, serving as a baseline to
evaluate the model’s performance without channel-wise feature recal-
ibration. The second configuration retains the SE block but replaces
SeparableConv2D layers with standard Conv2D layers, enabling an
assessment of the trade-offs between computational cost and repre-
sentational capacity. configuration The third corresponds to the pro-
posed SE-CNN model, which integrates both the SE block and Sep-
arableConv2D layers to maximize both accuracy and computational
efficiency.

The SE-CNN model achieves the best performance. Although
the no-SE model attained competitive results in a multiclass setup,
its performance reduced significantly on binary classification, thus
demonstrating the necessity of the channel reuse mechanism in dis-
criminating among fine-grained classes. On the other extreme end,
the Conv2D based model had perfect accuracy on a multiclass task
but with the high computational complexity of 888K parameters and
4.58G FLOPs. The SE-CNN provides an effective balance, obtaining
high accuracy at a substantially lower parameter number and FLOPs,
and low train and test times.

Table 5: Comparison of different architectural variants of the proposed model on binary and multiclass classification tasks.

Model Variant Task Memory Tl:li“liilltllit;1 # Testing FLOPs Loss Accuracy  Trainable
1 0,
(s/epoch) Time (s) (%) params
Baseline CNN Multiclass  470.26 KB 18 3 055G 0.0031  99.79 120387
without SE block  Binary 468.75 KB 42 7 : 0.2011 953 120000
CNN with SE Multiclass  3.39 MB 22 3 458G 2.9069 100 888003
block and Binary 3.39MB 59 5 ) 0.1633  95.99 887616
Conv2D
Proposed model Multiclass  573.91 KB 21 3 0.56 G 0.0043  99.79 146920
SE-CNN Binary 572.39 KB 52 4 ) 0.1148 97.12 146533
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Table 6: Comparative analysis of multiclass SE-CNN model with current methods in terms of dataset size and accuracy.

Dataset Dataset Phase  Accuracy (%) Precision (%) Recall (%) F1-Score (%)

Training 99.87 99.93 99.86 99.89

ALL Validation 99.83 99.83 99.68 99.75

Testing 99.83 99.83 99.68 99.75

Training 99.77 99.96 99.79 99.87

C-NMC-2019  Validation 96.65 95.93 92.53 94.20

Testing 96.88 95.83 95.08 95.45

Table 7: Comparative analysis of binary SE-CNN model with current methods in terms of dataset size and accuracy.
Classification methods Accuracy (%) Precision (%) Recall (%) F1-Score (%) AUC
Naive Bayes 81.3 83.1 79.9 81.4 0.824
Decision Tree 80.8 81.5 78.6 80.1 0.835
Random Forest 86.8 86.6 85.9 86.2 0.932
AdaBoost 82.2 83.0 81.4 82.1 0.902
SVM (RBF) 85.3 84.8 85.0 84.8 0.916
SVM (Linear) 84.7 83.7 84.3 83.9 0.908
K-NN 87.2 87.1 87.1 87.1 0.925
VGG-16 91.12 91.56 91.24 91.35 0.935
Proposed Model 96.88 95.83 95.08 95.45 0.985

Comparison with previous studies:

The SE-CNN model’s low parameter count and high classifica-
tion accuracy on both tasks demonstrate their efficiency and practi-
cality for real-time blood cell cancer detection. Comparisons with
the state-of-the-art leukemia classification methods by PBS images
present in Tables 6 and 7 validate the performance of the proposed
model.

While direct comparisons are difficult given differences in dataset
sizes, preprocessing steps, class distributions, and evaluation metrics,
this analysis offers valuable insight into the relative performance of
the proposed architecture. In spite of these complexities, the SE-
CNN model achieved improved classification accuracies when com-
pared with the various existing approaches with a significantly lower
number of learnable parameters. While some competing models
may achieve marginally higher accuracy, SE-CNN distinguishes it-
self through its lightweight design and computational efficiency. This
balance of performance and efficiency makes it particularly suitable
for resource constrained clinical environments.

Moreover, a comprehensive evaluation encompassing F1 score,
sensitivity, and precision, as illustrated in Figures 11 and 12, further
highlights the practical deployment potential and real-world applica-
bility of the SE-CNN model, particularly when compared to more
complex and parameter-intensive alternatives.

SE-CNN model

LEUS

MCB-HyperNet

ResNet-50

ResNet50 +LR +SVC Feature Selector +CSO

MobileNet with svm

Lightweight Attention-YOLOVS

F1-score (%) Sensitivity (%)  m Precision (%)

Figure 11: Comparison of F1 Score, sensitivity, and specificity re-
sults for the proposed multiclass model versus recently published
methods in the literature.
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Figure 12: Comparison of F1 Score, sensitivity, and specificity re-
sults for the proposed binary model versus recently published meth-
ods in the literature.

Limitations and Future Directions:

Despite the promising performance of the SE-CNN model, sev-
eral limitations should be acknowledged. The model was evaluated on
only two datasets, which may not fully capture the variability encoun-
tered in real-world clinical settings, including differences in patient
demographics, imaging devices, and laboratory protocols. Addition-
ally, cross-institutional validation was not performed, limiting assess-
ment of the model’s robustness across diverse clinical environments.
Future work will focus on expanding validation to multiple datasets
from different hospitals and imaging systems to improve generaliz-
ability. Furthermore, integrating Explainable Al (XAI) techniques,
such as Grad-CAM, will be prioritized to increase the interpretability
and trustworthiness of model predictions, thereby facilitating clinical
adoption. Moreover, the use of k-fold cross-validation will be incor-
porated in future evaluations to provide a more reliable and compre-
hensive assessment of model performance.

5. CONCLUSION

This study introduced the SE-CNN model, designed for efficient and
accurate classification of leukemia using PBS images. The architec-
ture was evaluated on two publicly available datasets that addressed
binary and multiclass classification tasks. By incorporating an inte-
grated attention mechanism, SE-CNN significantly reduced the num-
ber of trainable parameters while preserving high classification ac-
curacy. Experimental results show that the proposed model outper-
forms or remains competitive using current cutting-edge methods, of-
fering an optimal trade-off between classification performance and
computational efficiency. These results underscore the usefulness
of lightweight deep learning models, especially for use in real-time
clinical settings where prompt and precise diagnostic assistance is es-
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sential. Real-time evaluations hold significant importance in clini-
cal practice, as they facilitate timely decision-making in emergency
scenarios and resource-limited settings, leading to better patient out-
comes and faster diagnostic processes. To improve the model’s re-
silience and also generalizability, future research will concentrate
on using model compression approaches and carrying out cross-
institutional validations. In addition, it is planned to evaluate the pro-
posed method on diverse PBC datasets in real-time scenarios to further
assess its practical applicability in clinical environments.
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