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ABSTRACT 

Blood has several essential functions in the body, including immune defense against foreign elements and 

the transportation of oxygen, nutrients, and hormones. In this study, an IoT-based learning system was 

developed for classifying blood cell types, including basophils, erythroblasts, monocytes, myeloblasts, and 

segmented neutrophils. The study utilized a dataset of five blood cells, which was systematically split into 

three parts to ensure robust evaluations. A Convolutional Neural Network (CNN) model based on a Vision 

Transformer (ViT) combined with a Self-Attention Mechanism (SAM) was utilized to extract and learn 

discriminative features from cell images. To comprehensively evaluate and demonstrate execution, a suite 

of assessment metrics, classification reports, and Receiver Operating Characteristic (ROC) curves with the 

Area Under the Curve (AUC) was used in the training, validation, and testing phases. Overall, the 

proposed model achieved accuracies of 99%, 98%, and 98%, with balanced precision and recall, across the 

training, validation, and testing samples of five classes. Additionally, 5-fold cross-validation was conducted 

during the preparation and approval stages to improve generalizability and decrease overfitting. The 

model consistently demonstrated strong performance and maintained robust discriminative ability on the 

unseen test set. The proposed framework offers a promising solution to the limitations of conventional 

blood flow investigation by enabling digital, precise, and adaptable cell classification. 

Keywords-medical imaging; vision transformer; classification; cancer cells; health risks   

I. INTRODUCTION  

Blood plays several essential functions in the body, 
including immune defense and the transportation of oxygen 
and nutrients. The blood cells comprise 45% of the entire 
volume, while the liquid plasma constitutes the remaining 55% 
[1]. The blood cells can be categorized into three types: Red 
Blood Cells (RBCs) or erythrocytes, White Blood Cells 
(WBCs) or leukocytes, and platelets (thrombocytes). 
Approximately 40%-45% of the blood consists of RBCs, while 
WBCs represent approximately 1% of the blood [1]. The 
harmful role of basophils is observed in illnesses such as 
certain skin diseases, asthma, chronic rhinosinusitis, in the 
intestinal diseases, and in a few anaphylactic responses. 
Basophils are responsible for various immune system 
infections and persistent inflammatory or fibrotic conditions of 
the lungs, intestine, kidneys, or heart [2]. The RBC helps the 
tissues in the body to produce energy by delivering the 
appropriate amount of oxygen. The erythroblasts are the 

adolescent RBCs that are mostly present in newborn children, 
typically in the age range of 0-4 months [3]. 

The Monocytes are WBC that develop from the bone 
marrow. They are an important part of innate immune reaction 
and direct cellular homeostasis, particularly during disease and 
inflammation. Monocytes account for around 5% of circulating 
nucleated cells in typical adult blood, and the half-life of 
circulating monocytes is around 1-3 days [4]. Acute Myeloid 
Leukemia (AML) arises from the transformation of myeloid 
precursor cells, leading to the uncontrolled proliferation of 
immature WBC, known as myeloblasts. These explosions are 
not distinguished by fully functional blood cells, leading to a 
lack of RBCs, platelets, and mature WBCs. This disorder of 
normal blood cell production causes symptoms such as anemia, 
infection, and bleeding [5]. Neutrophils are the main type of 
granulocyte and include 40% to 70% of all human leukocytes. 
There are 100-200 billion neutrophils produced daily in 
humans by hematopoiesis in the bone marrow [6]. 
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Blood cells are used to diagnose diseases. The microscopic 
imaging of blood cells is only done manually by medical 
professionals [7]. It has been revealed that a CNN model 
performs better than traditional Machine Learning (ML) 
models [8]. The objective of the present study is to develop an 
IoT-based learning system trained for classifying blood cell 
types. The study utilized ViT-based Self-Attention 
Mechanisms (SAM) combined with a CNN model to evaluate 
the diagnostic effectiveness for the microscopic image dataset 
of five blood cell types. The research ultimately reduces model 
bias and variance, and increases generalizability and 
classification reliability. The main contributions of this study 
are:  

 The ViT-based (SAM) CNN model achieves 99%, 98%, 
and 98% accuracy with balanced precision and recall across 
five classes of training, validation, and testing samples, 
respectively. 

 This investigation contributes to the developing field of 
Artificial Intelligence (AI)-driven advanced pathology and 
offers guidelines for upgrading interpretability, extending 
datasets with varying qualities, and validating the 
framework in real-world clinical IoT conditions.  

II. LITERATURE REVIEW 

AI is widely employed in medical image processing, the 
agriculture field, and healthcare. ML and the Deep Learning 
(DL) models are employed for the automated classification of 
blood cells. The blood cell problem is divided into two parts: 
classification and segmentation [9]. The segmentation process, 
including thresholding, morphological operations, and ML, 
enhances the classification performance by removing the non-
important parts of the images. Some authors have employed 
traditional ML techniques, while others have utilized DL 
approaches such as custom CNNs, transfer learning, and hybrid 
models for blood cell classification [10]. ML models, such as 
K-Nearest Neighbor, Support Vector Machine (SVM), Naïve 
Bayes, Decision Tree, and Artificial Neural Networks, have 
been applied to classify the WBC using the microscopic blood 
smear images [11].  

Most DL models are implemented to classify the WBC into 
five types, such as neutrophils, eosinophils, basophils, 
monocytes, and lymphocytes. Different transfer learning 
methods are also deployed to classify the blood cells and 
leukemia. While various CNN architectures have been applied 
to detect and classify WBC, the VGG16 architecture has been 
trained and has achieved better results [12]. Authors in [13] 
applied CNN-based different architectures for feature selection 
and classification of WBC, achieving an accuracy of 97.95% 
for four different cell types [13]. Authors in [14] applied the 
ResNet50 model to 10,868 microscopic images of six classes. 
This model demonstrated high precision and recall for each 
class, achieving an overall accuracy of 94% [14].  

Authors in [15] applied a CNN-based AlexNet model to 
17,000 blood smear microscopic images to identify various 
blood cells. Their model achieved a minimal Quadratic Loss of 
0.0049, with an accuracy of 95.08%. Authors in [16] 
demonstrated that a custom CNN model used to classify the 

eight classes of blood cells utilizing microscopic images 
achieved an accuracy of 92.60%, surpassing VGG16, Res-
Net101, and EfficientNet variants, as well as other models. 
Overall, most DL-based studies have identified blood cells 
using microscopic images of different types of cells. However, 
the present study utilizes five types of blood cells to classify 
them by deploying the proposed model. Additionally, the 
YOLOv8 model is used to detect Acute Lymphoblastic 
Leukemia. The performance of the proposed model was 
compared with other models, including SVM, ResNet-50, a 
hybrid model that integrates ResNet-50 with the SVM 
classifier, and DenseNet-121. The YOLOv8 model achieved an 
accuracy of 95% and 94% on the C-NMC and ALL-IDB2 
datasets, respectively [17]. Additionally, the present study 
proposes a ViT-based SAM integrated with a CNN model for 
diagnosing five types of blood cells using a microscopic image 
dataset. 

III. PROPOSED FRAMEWORK 

The study uses a publicly available blood cell dataset [18] 
for leukemia detection. The dataset consists of 1024×1024 
pixel images, with Wright-Giemsa minimum staining, 100-fold 
magnification, and 24-bit RGB colour. Multiple focal planes 
per sample are used for the diagnostic process. The dataset 
comprised 5,000 images, with 1,000 images from each of the 
five classes, distributed evenly across them, as shown in Figure 
1. The detailed proposed framework is illustrated in Figure 2. 

 

 

Fig. 1.  Graphical representation of the 5 blood cell types. 

 

Fig. 2.  Proposed research framework. 
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A. Imaging Data Preprocessing and Partition 

Multiple data preparation methods were used to build a 
robust image classifier, including data resizing and 
normalization. Before conducting any analysis, it is important 
to preprocess the dataset images. Preprocessing was conducted 
by resizing all 5000 microscopic images to 100×100×3 RGB 
pixels for better feature selection. The resized images were 
normalized after dividing them by 255.0 for a more balanced 
presentation. The preprocessed data were systematically split 
into three parts: training, validation, and testing (holdout).  

B. Convolutional Neural Network  

This study employs the ViT-based SAM by integrating it 
with a CNN model, along with the introduction of a lightweight 
model for diagnosing the 5 types of blood cells using the 
microscopic images. As CNN models are weak in operating on 
the local neighbors and miss global information, the custom 
CNN model was adopted in this study for its efficient 
performance on microscopic images.  

C. Self-Attention Mechanism  

SAMs are capable of addressing the problem of global 
information and capturing long-range interactions. They are 
also a key component of the ViT and are utilized to enhance 
neural network classification performance [19]. The proposed 
model integrates a CNN with a dual attention network to detect 
the leukocytes. 

D. Proposed Model 

The ViT-based SAM, integrated with a CNN model, was 
considered in this study to detect the five blood cell types using 
microscopic images. Authors in [20] demonstrated that 
integrating SAM with the CNN model achieves outstanding 
classification performance. The proposed model integrates 
local spatial features with global contextual dependencies using 
a CNN and a ViT-based SAM. This hybrid design is a key 
modification, enabling both local and global feature 
representation, which enhances classification reliability 
compared to conventional CNN-only models. The CNN 
architecture was integrated with the SAM layer. The proposed 
model consists of CNN-based feature extraction, max pooling, 
SAM, flattening, and fully connected layers, as well as the final 
model composition. 

1) Input and CNN Block 

The proposed model processes the input image � ∈ ℝ�∗�∗�, 
where H is the height of the image, w is the width of the image, 
and C is the number of channels (RGB). The fifth convolution 
layer was used for the proposed model, with the mathematical 
expression given in: 

�(
) = 
��� �����2�(
)(�(
��); �(
))�  (1) 

where �(
) is the output of the lth convolutional block,  �(
) ∈
 ℝ(���)∗� !

(")∗�#$%
(")  is the kernel, and & = 1, 2, 3, 4, 5. The kernel 

size is the same for each block: (3, 3), with the same padding 
and ReLU activation function.  

 

 

2) Max Pooling 

Max pooling layers were applied after each convolutional 
layer, with the mathematical expression given in (2). The 

number of filters increases the depth with �,-.
(�)

=16, �,-.
(/) = 32, 

�,-.
(�)

=32, �,-.
(0) = 64, �,-.

(2) = 64. 
�(
) = 4567��&8�9 ��(
)�   (2) 

3) Self-Attention 

The output of the final CNN layer is � ∈ ℝ�:×�:×� , where 
C = 64. The tensor shape was reshaped to �< ∈ ℝ=×� , where 
 > =  ?@ × A@applied to SAM. The values, query, and key of 
SAM were projected using (3), where h = 1, 2,…, H heads. 

With  ABC ,  ABD ,  ABE ∈ ℝ�×FG ,  were learnable weights 
metrics, �< were the feature vectors, and HI  is the number of 
key dimensions, and H is the number of heads. 

JB = �< × ABC, �B = �< × ABD , KB = K< × ABE
 (3) 

The scaled dot product attention score was computed using 

(4), where JB�BL  is the pairwise attention score between all 

tokens, divided by MHI to prevent the gradients from being too 

large:  

NOO��O8��B(�<) = P�QOR56 SCTDTU
MFG

V × KB (4) 

Similarly, the outputs of all heads were concatenated and 

projected with (5), where AW ∈ ℝ�×FG×�  is a learned linear 
projection. The final output of SAM was achieved using (6) by 
pulsing the residual connection and layer normalization: 

>N4(�<) = ���X5O( NOO��O8���, … NOO��O8���)AW (5) 
Z = �5[�\]�\R��< + >N4(�<)�  (6) 

4) Flatten and Fully Connected Layers 

The output of attention or SAM Z ∈ ℝ=×�  was further 
flattened into a _ ∈ ℝ=×�  vector that was passed through the 
fully connected layer. The first dense layer, ℎ� was defined as 

follows, where A� ∈ ℝa0�(=×�). The dropout was set to 0.5 or 
50% of the activations. The second dense layer , ℎ/  were 
defined as follows, where A − 2 ∈  ℝ^128 ×  64. Similarly, 

the output layer [^ was added with 5 classes for classification 
purposes, where A� ∈ ℝ�e"fgghg��/i . The detailed graphical 
presentation of the proposed model is presented in Figure 3.  

ℎ� = 
���(A�j + k�)    (7) 

ℎ/ = 
���(A/ℎ� + k/)   (8) 

[^ = P�QOR56(A�ℎ� + k�)   (9) 

5) Final Model Composition  

The forward pass of the proposed model is defined in (10), 
where X represents the output of the last convolution block:  

[^ = P�QOR56�A� × 
���(A/ × 
���(A� ×
l&5OO���>�&QNOO��O8��(�)� + k�� + k/ + k�) (10) 
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6) Performance Metrics 

Standard metrics were utilized to evaluate the performance 
of the proposed model for multi-class classification. Their 
mathematical equations are:  

NXXm\5X[ = ∑ Lo  p qr
∑ (Lo sto stu sLu ) p qr

  (11) 

7\�X8P8�� �v = Lo 
Lo sto  , for 8 = 1,2,3,4,5  (12) 


�X5&& �v = Lo 
Lo stu       (13) 

l1 �v = 2 × o<z{v|v,} � ×~z{�

 � 
o<z{v|v,} � s~z{�

 � 

   (14) 

7\�X8P8����{<, = �
2 ∑ 7\�X8P8�� �v2v��   (15) 


�X5&&��{<, = �
2 ∑ 
�X5&& �v2v��    (16) 

l1��{<, = �
2 ∑ l1 �v2v��    (17) 

where �7v  represents the True Positives for class i, 
l7v  represents the False Positives for class i, �]v  represents the 
true negatives for class i, and l]v  represents the False 
Negatives for class i.  

 

 

Fig. 3.  Architecture of the proposed model for blood cell classification. 

IV. EXPERIMENTAL RESULTS 

A. Accuracy and Losses 

In the training of the proposed model, the standard practice 
was employed to evaluate performance by plotting losses and 
accuracies against 25 epochs. These were measured separately 
for both training and validation datasets to assess both learning 
and generalization capabilities. A balanced decrease in training 
and validation losses over the 25 epochs suggests that the 
model is gradually reducing the error, indicating effective 
learning and generalization. The detailed presentation is shown 
in Figure 4, where the “o” marker with a red solid line 
represents the accuracy of the training data, and the “o” marker 
with a red dashed line represents the training data losses.  

B. Classification Report  

The classification report of the validation dataset is 
displayed in Table I. The results include the precision, recall, 
F1-score, macro average, weighted average, and support of 
each class of blood cell. These measures provide a 
comprehensive view of the model's ability to correctly classify 
the instances. The validation samples achieved a macro and 
weighted average precision of 0.98 for each blood cell, 
indicating a low false positive rate for the validation samples.  

 

 

 

Fig. 4.  Accuracy and loss of the proposed model from training validation, 

k-fold data. 
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C. Confusion Matrices 

Confusion matrices were also calculated for both testing 
and validation samples, providing a detailed breakdown of the 
proposed model's performance. A total of 211 microscopic 
images were correctly classified for class 0 (Basophil class), 
and 176 microscopic images were correctly classified for class 
1 (Erythroblast class). A total of 191 microscopic images were 
correctly classified for class 2 (Monocyte class). Similarly, 185 
microscopic images were correctly classified for class 0, and 
208 microscopic images were correctly classified for class 1. 
The 5×5 confusion matrix of testing and validation samples is 
given in Figure 5.  

TABLE I.  CLASSIFICATION RESULTS ON VALIDATION 
DATA 

 Precision Recall F1-score Support 

Basophil 0.97 0.99 0.98 186 

Erythroblast 1.00 0.95 0.97 220 

Monocyte 0.96 0.99 0.98 223 

Myeloblast 0.96 1.00 0.98 178 

Segmented 

neutrophil 
1.00 0.96 0.98 193 

Accuracy   0.98 1000 

Macro average 0.98 0.98 0.98 1000 

Weighted average 0.98 0.98 0.98 1000 

 

(a) 

(b) 

Fig. 5.  Confusion matrix for: (a) test set and (b) validation set, where 0: 

Basophil, 1: Erythroblast, 2: Monocyte, 3: Myeloblast, and 4: segmented 

neutrophil. 

D. Sensitivity Analysis 

ROC with AUC was also used to measure the performance 
of the proposed model in the case of multiclass classification 
for both training and validation samples. The AUC of the 
training samples and validation were given in solid and dashed 
blue, green, red, black, and brown lines, respectively, as 
portrayed in Figure 7. The model achieved an excellent 
classification performance for both training and validation 
samples.  

 

 

 

Fig. 6.  ROC with AUC of training, validation, and test data, where 0: 

Basophil, 1: Erythroblast, 2: Monocyte, 3: Myeloblast, and 4: segmented 

neutrophil. 

E. Five-Fold Cross-Validation 

The five-fold cross-validation was also applied to evaluate 
the proposed model's performance and generalizability. It 
provided a balanced, more stable, and less computationally 
intensive method than the leave-one-out method. Accuracies of 
99.25%, 99.54%, 98.25%, 98.67%, and 98.33% were achieved 
by the proposed model with 5-fold cross-validation using the 
training samples. Similarly, accuracies of 97.7%, 97.9%, 
97.7%, 97.5%, and 98.1% were achieved by the proposed 
model with 5 folds, respectively, using the validation samples. 
The average accuracy of the 5-fold cross-validation using 
training samples was 98.80%. The average loss of the 5-fold 
cross-validation using training samples was 0.0353. Similarly, 
the average loss of the 5-fold cross-validation using validation 
samples was 0.0837, as presented in Table II. 
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TABLE II.  FIVE-FOLD CROSS-VALIDATION RESULTS 

Folds 
Training 

accuracy 

Validation 

accuracy 

Training 

loss 

Validation 

loss 

1 0.9925 0.977 0.0241 0.0667 

2 0.9954 0.979 0.0152 0.0757 

3 0.9825 0.977 0.0529 0.0883 

4 0.9867 0.975 0.0349 0.0963 

5 0.9833 0.981 0.0496 0.0916 

Mean 0.9880 0.977 0.0353 0.0837 

 
The classification results for the testing dataset are 

displayed in Table III. The testing samples achieved a macro 
and weighted average precision of 0.98 for each blood cell, 
indicating a low false-positive rate for the testing samples. 
Testing samples achieved a macro and weighted average recall 
of 0.98 for each blood cell, indicating a low false-negative rate 
for testing samples. 

TABLE III.  CLASSIFICATION RESULTS OF TESTING DATA 

 Precision Recall F1-score Support 

Basophil 0.99 0.98 0.98 216 

Erythroblast 0.99 0.93 0.96 190 

Monocyte 0.92 0.99 0.96 192 

Myeloblast 1.00 1.00 1.00 210 

Segmented 

neutrophil 
1.00 0.99 1.00 192 

Accuracy   0.98 1000 

Macro average 0.98 0.98 0.98 1000 

Weighted 
average 

0.98 0.98 0.98 1000 

 
Table IV presents the comparison between the proposed 

model and different existing methods. 

TABLE IV.  COMPARISON OF THE PROPOSED MODEL WITH EXISTING METHODS 

Model Classes Accuracy Ref. 

DL Neutrophils, eosinophils, basophils, lymphocytes, monocytes, and immature granulocytes 91.37% to 94.72% [4] 

DL 
Neutrophils, eosinophils, basophils, lymphocytes, monocytes, immature granulocytes, 

erythroblasts, and platelets 

98.79 % to 99.91 % 

(Best) 
[21] 

MobileNetV2, custom CNN Neutrophil, Lymphocyte, Monocyte, Eosinophil, and Basophil 0.9986 [22] 

CNN Ensemble Basophil, Eosinophil, Lymphocyte, Monocyte, and Neutrophil 94.7% to 97% [23] 

Hybrid with RF, Healthy cells, lymphoblasts, and myeloblasts 88% (Best) [24] 

Proposed model Basophil, Erythroblast, Monocyte, Myeloblast, and Segmented neutrophil 98% to 99%  

 

V. CONCLUSION 

This study evaluated an IoT-based model designed for 
classifying blood cell images. The five-fold cross-validation 
approach was applied to the training and validation phases to 
enhance the generalizability and reliability of the proposed 
model. The latter's performance was evaluated through testing 
data, further demonstrating its practical utility. The model’s 
classification ability was demonstrated using a microscopic 
image dataset. Overall, the proposed model achieved 
accuracies of 99%, 98%, and 98% with balanced precision and 
recall across five classes of training, validation, and testing 
samples. These results also matched those obtained from a five-
fold cross-validation approach, which demonstrates the 
classification reliability of the proposed model. The consistent 
results across training, validation, and testing phases confirm 
the effectiveness of the proposed IoT-based classification 
approach. However, the study has some limitations, including 
the reduction of resolution from 1024×1024 to 100×100, which 
may cause loss of some features.  
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