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Abstract: White Blood Cells (WBCs) play a critical role in the human
immune system, and their accurate identification is essential for diagnosing
many hematological diseases. Manual analysis of blood smear images
(BSI) under a microscope is time-consuming and prone to human error.
Recently, deep learning techniques have demonstrated strong capabilities
in automated medical image classification. This paper proposes a novel
strategy to improve WBC classification by clustering the RGB channels of
blood smear images to generate an augmented dataset, which is
subsequently used to train a ResNet-18 deep learning model. In the
proposed approach, image preprocessing techniques, including
morphological operations and RGB channel clustering, are applied to
enhance image quality and create additional training samples. The dataset
consists of four WBC classes: eosinophils, lymphocytes, monocytes, and
neutrophils. Two experiments were conducted to evaluate the effectiveness
of the proposed method. The first experiment used the original dataset,
while the second experiment used the augmented dataset produced through
RGB channel clustering. Experimental results show that the proposed
strategy significantly improves classification performance, increasing the
overall classification accuracy from 86.89% to 95.24%, with a training
accuracy of 99.17%. These findings demonstrate that the proposed
preprocessing and augmentation approach enhances feature representation
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and improves the effectiveness of deep learning models for automated
WBC classification.

Keywords: White blood cells (WBC); Blood smear images (BSI); Medical
images analysis; Deep Learning (DL); Classification

1. Introduction

White Blood Cells (WBCs), also known as leukocytes, are crucial to the body's defence against sickness
even though they are much less abundant than red blood cells [1]. WBCs range in density from 4,000 to
11,000/mm3 and make up less than 1.0% of the entire blood volume [2]. The only fully developed blood
cells, or those with nuclei and the typical organelles, are white blood cells [3]. The moveable army of
leukocytes acts as a barrier between the body and harmful germs, viruses, parasites, and tumour cells. They
possess some unique qualities as a result. Red blood cells only exist in the bloodstream and carry out their
tasks there [4]. Contrarily, white blood cells can enter and exit blood arteries [5]. Simply put, they are
transported by the circulatory system to the parts of the body where they are required for immunological or
inflammatory reactions. During positive chemotaxis, leukocytes reaction to damaged cells aids in
identifying the infected tissues [6]. Once the WBCs have created the cytoplasmic extensions, they begin
to move in an undefined manner all through the tissue gaps [7]. They locate areas of tissue injury by
following the diffusion gradient, and then they swarm to eliminate dead cells or bacteria in huge numbers.
Whenever the functions of WBCs arise, the body rapidly produces a high number WBCs which may be
twice the normal threshold. These high populations of WBCs are transported to the systemic circulation
within a few hours [4].

The aim of this study is to develop a novel strategy for classifying white blood cells by effectively
clustering the RGB channels of blood smear images using the ResNet-18 model. This approach seeks to
enhance the accuracy and efficiency of white blood cell classification, ultimately contributing to improved
diagnostic capabilities in hematology. The research will explore the integration of advanced image
processing techniques with deep learning to optimize the identification and categorization of various white
blood cell types.

2. Types of WBCs

The two groups of leucocytes are categorised based on the granules present or absent in their cytoplasm
given in Figure 1 [8].
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Figure 1: Microscopic views of WBCs.

2.1 2.1 Granulocyte types

2.1.1 Neutrophils

Neutrophils have very small granules with a multilobed nucleus (3-5 lobes) that react to both basic and
acid stains. As a result, the entire cytoplasm shows pink staining. At the sites of acute infection, neutrophils
are active phagocytes [9].

2.1.2 Eosinophils

Eosinophils are granulocytes with a bilobed nucleus, blue cytoplasm and orange to red cytoplasmic
granules. Their shape is like an ancient telephone with large cytoplasmic granules with a red colouration.
The populations of eosinophils are remarkably increased during parasitic infestations and infections, as well
as allergic reactions [10].

2.1.3 Basophils

Basophils are the most uncommon leucocytes. The histamine present in their cytoplasmic granules has
a strong affinity for basic dyes and appears purplish-black when stained. Histamine is an inflammatory
substance with vasodilating properties, thereby attracting other WBCs to the site of inflammation. The
effects of histamine are antagonized by medications known as antihistamines. Upon staining, either a U or
S-shaped deep purple core characterised by single or double pronounced restrictions is visualised [11].

2.2 Agranulocytes

Agranulocytes have no distinct granules in their cytoplasm, and their nuclei are either oval or kidney-
shaped. The two types of agranulocytes in mammals are monocytes and lymphocytes.

e Lymphocytes are generally characterised by a large dark purple colour. RBCs are slightly smaller
than lymphocytes. The latter are located in the lymphatic tissues, where they play active roles in the
immune response. The two types of lymphocytes are:

1. T lymphocytes: responsible for cell-mediated immunity.
ii. B lymphocytes: responsible for humoral immunity [12].

e Monocyte are immune cells comprising chemoreceptors and pathogen recognition receptors that are
either found in the systemic circulation or localized in lymphoid tissues. They are similar to
lymphocytes apart from their large cytoplasm and kidney-like nucleus. Monocytes are transformed
into macrophages after migrating into connective tissues. Meanwhile, chronic infections such as
tuberculosis could be attacked by macrophages. Granulocytes and monocytes protect the body from
foreign organisms by engulfing them via phagocytosis. Lymphocytes depend on the immune system
to function properly. Nevertheless, like the granulocytes and monocytes, some lymphocytes bind and
destroy specific foreign bodies [13].

Concentrations of the Different White Blood Cells in the Blood: There are approximately 4,000—11,000
WBCs/mm? of blood in an adult human being. The normal proportion of WBCs is approximately 62.0%
for neutrophils, 30.3% for lymphocytes, 5.3% for monocytes, 2.3% for eosinophils and 0.4% for Basophils
[14].

Despite the significant progress achieved in automated WBC classification, several challenges remain.
Traditional microscopic examination relies heavily on manual observation by medical experts, which is
time-consuming and susceptible to human error and subjectivity. In addition, many conventional image
processing approaches depend on handcrafted feature extraction techniques that may fail to capture
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complex morphological and color characteristics of blood cells. These limitations often lead to reduced
classification accuracy, especially when dealing with variations in staining conditions, illumination, and
cell morphology. Although deep learning approaches have improved classification performance, their
effectiveness is often limited by insufficient feature representation and the availability of large, diverse
training datasets.

To address these challenges, this paper proposes a novel strategy to enhance white blood cell
classification by clustering the RGB channels of blood smear images to generate an augmented dataset. The
augmented dataset is then used to train a ResNet-18 deep learning model through transfer learning. The
proposed approach aims to improve feature representation and classification performance by combining
image enhancement techniques, morphological processing, and RGB channel clustering. The main
contribution of this study is the development of a preprocessing framework that increases the effective
dataset size and enhances the discriminative features of WBC images, resulting in a significant
improvement in classification accuracy compared with the use of the original dataset alone.

3. Materials and methods

The methodology adopted in this paper consists of four main steps: data downloading, preprocessing,
feature extraction, and dataset classification. Figure 2 illustrates these phases in detail. The proposed CNN-
based WBC image classification framework is implemented using MATLAB 2021a. The experiments are
conducted on a system with the following specifications: Windows 10 operating system, 8 GB DDR4 RAM,
AMD Ryzen 5 3550H CPU, and Radeon Vega Mobile GFX (2.10 GHz).

Datasets Pre-processing Feature Extraction Classification
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Figure 2: Overview of the proposed methodology

3.1 Dataset

The blood smear image dataset was obtained from Kaggle [15]. It consists of four classes: Eosinophil,
Lymphocyte, Monocyte, and Neutrophil. Each folder contains 3,091 samples, and the total of samples is
12,364. In addition, the classes have the same number of images to avoid biased results.

3.2 Dataset preparation

The dataset is split into training and testing sets, with 80% of the images used for training the algorithm
and 20% reserved for validation. The training process is conducted at three levels to minimize
computational resource consumption.
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3.3 Resnet-18

ResNet-18 is a convolutional neural network introduced by He et al. [16] in the original Residual
Network (ResNet) paper. It is composed of an initial convolutional layer, followed by four stages of residual
blocks, and ends with global average pooling and a fully connected classification layer. The key idea of
ResNet is the use of residual connections, also called skip connections, which allow the input of a block to
be added directly to its output. This helps the network learn a residual mapping instead of a complete
transformation, making optimization easier and reducing the degradation problem that occurs when deeper
networks are trained. In ResNet-18, each residual block typically contains two convolutional layers with
batch normalization and ReLU activation. When the input and output dimensions are the same, the identity
mapping is added directly. When dimensions differ, a projection shortcut is used to match them. This
architecture enables efficient gradient flow during backpropagation and has been widely adopted in image
classification tasks because of its good balance between accuracy and computational complexity [17].

For this study, ResNet-18 was selected because it is a lightweight and effective deep learning model
suitable for medical image classification, especially when combined with transfer learning given in Figure
3. Its residual learning mechanism allows it to capture discriminative features from WBC images while
maintaining relatively low computational cost.
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Figure 3: ResNet-18 structure.

3.4 Analysis of WB Images

In order to get around the drawbacks of feature extraction and high resolution, we offer enough datasets
in this study. We conducted two tests to do that:
1. In the first experiment, all images are resized from their initial size to 224x224x3. Then, 20% and
80% of each dataset class are separated for testing and training data, respectively. Finally, the
training dataset is fed into the ResNet-18 model for training, as illustrated in Figure 4.
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Figure 4: experiment (1) - Training ResNet-18 on the original dataset.

2. Image enhancement techniques are introduced in the second experiment on the same images
presented previously, which are represented by morphological structuring and clustering channels
RGB, and then a new dataset is acquired as depicted in Figure 5. The new dataset consists of triple
the number of the original dataset, thus having a total number of 9273 images in each class. Overall,
a total of 37,092 images are obtained.

Resize

Original images to Maskl Mask2 Mask3 Output

dataset 224%*224%3
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LYMPHOCYTE

MONOCYTE

NEUTROPHIL

Figure 5: Overview of second experiment processing

3.5 Morphological structuring [18]

Morphological processes are used in the process of image segmentation. Image segmentation is the
discovery of some parts in a certain image that could reflect or denote meaningful aspects of the object.
Filling small holes in objects, overlapping objects separation and attaching broken boundaries into
connected segments are common examples of morphological factors. Meanwhile, the basic morphological
operations are dilation and erosion. The pixels on the border of an object are removed by erosion, while
dilation adds pixels to the borders of an object.

Dilation: Dilation represents the maximum value of the pixels in the input pixel’s neighbourhood that is
equal to the output value. As shown in Figure 6, the output pixel is set to a value of 1, corresponding to the
pixel value in the binary image.
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Similarly, Erosion: The minimum value of all the pixels in the input pixel’s neighbourhood is equal to
the output pixel’s value. As shown in Figure 6, the output pixel is set to 0, corresponding to the pixel value
in the binary image.
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Figure 6: Morphological dilation and erosion of binary image A using structuring element B: and B2.
As illustrated in Figure 7, the kind of morphological operation we used in our investigation is erosion

[18] with a 7x7 disk-shaped structuring element. In addition, flat 2D structures are typically much smaller
than the image that has been processed. MATLAB, a high-performance language for technical computing,
is used to implement the segmentation [19-21].
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Figure 7: Morphology structuring element (disk).

A matlab function "STREL" produces the morphological structuring element. The syntax of SE
(structural element) is given by Eq. (1).

SE = strel ('disk’,7) (1)

3.6 Clustering color

In this study, the purpose of the clustering step is to separate each blood smear image into its fundamental
red (R), green (G), and blue (B) color components so that the deep learning model can learn color-specific
features more effectively given in Figure 8. In blood smear images, diagnostically important structures such
as the cell nucleus, cytoplasm, and surrounding background often exhibit different color distributions due
to staining. These differences may not always be fully exploited when the original RGB image is used
directly as input. Therefore, the proposed strategy aims to highlight the contribution of each color channel
independently and generate additional informative training samples.

To achieve this, the pixel intensities of the image are analyzed in the RGB color space, where each pixel
is represented by its color values. A clustering procedure, conceptually similar to k-means, is employed to
group pixels according to their color similarity, which helps distinguish the dominant color information
associated with the blood cell structures. After this step, the image is separated into three monochrome
channel images corresponding to R, G, and B. These channel-specific images emphasize different visual
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characteristics of the WBC components. For example, one channel may better highlight the nucleus, while
another may better preserve cytoplasmic or background details. As a result, the generated channel images
provide complementary representations of the same cell.
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Figure 8: experiment (2) - RGB channel clustering and training of ResNet-18 on the new dataset.

The main goal of this process is not clustering for segmentation alone, but rather decomposing the image
into color-informed representations that can improve feature learning. By using the separated RGB channel
images as part of an augmented dataset, the ResNet-18 model is exposed to richer color-sensitive
information, which can improve its ability to discriminate among eosinophils, lymphocytes, monocytes,
and neutrophils.

3.7 Transfer learning

The CNN model of the suggested classifier uses transfer learning to improve learning efficacy [22-24].
The practice of applying and reusing information gained while solving one issue to another is known as
transfer learning. To implement transfer learning, two things need to be made:

1. A set of layers forming the network architecture, developed by modifying a pre-existing model such

as ResNet-18.

2. A labeled dataset (WB images) used for training purposes, primarily synthesized from the data

repository.
Both components are provided as inputs to the network training function, which outputs the trained
model.

4. Experimental results

This section presents the results of training the low-complexity and lightweight CNN model, ResNet-
18. The dataset described in [15] is used in this study. Two experiments are conducted to evaluate the
model’s performance. In the first experiment, there are 3091 images in each category and 12364 images in
total, of which about 9891 WB images are used for training and 2473 for testing, with a mini-batch size of
64. The model is trained for 20 epochs, resulting in about 155 iterations per epoch and 3100 iterations in
total. In the second experiment, the augmented dataset of 37,092 images is used with the same settings,
giving about 464 iterations per epoch and 9280 iterations in total, see Eq. (2) and (3), respectively.

Iterations per epoch = (Num.of samples /| MiniBatchSize) 2
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Maximum Iterations = (Iterations per epoch * Epoch) 3)

And the performance details of the results for experiment (1) and experiment (2) are shown in Table 1.

Table 1: Comparison between the results of the experiment (1) and experiment (2).

Performance Details Experiment-1 Experiment-2
Receiver Operating Characteristic (ROC) 95.11 % 95.23 %
Training accuracy 86.89 % 99.17 %
Epoch 20 20
Time 68 Min 74 Min
Minimum Batch Size 64 64

Furthermore, during the training of Experiment 1 and Experiment 2, the accuracy and loss curves are
illustrated in Figures 9 and 10. As the number of epochs increases, the accuracy steadily improves until it
reaches a saturation point, where the error becomes minimal and fluctuates within a narrow range.
Meanwhile, the loss gradually decreases over time and eventually stabilizes at a low value. In simple terms,
accuracy reflects the model’s predictive strength, whereas loss indicates the magnitude of its errors. A well-
performing model is therefore characterized by high accuracy and low loss.
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Figure 9: Training accuracy and loss curves for the original dataset (Experiment -1).
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Figure 10: Training accuracy and loss cufves for the new dataset (Experiment -2).

During the validation phase, the model predicts the four classes defined in the supervised learning task.
The results are presented using a confusion matrix for the proposed model, where each column corresponds
to the predicted classes and each row represents the actual classes. The confusion matrices for the first and
second experiments are shown in Figure 11.
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Confusion Matrix: ResNet18
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Figure 11: A confusion matrix experiment 1 and experiment 2.

In this study, accuracy, sensitivity, specificity, precision, and F-measure were utilized as the

performance measures, which are the most widely used metrics. The formula for computing these
performance measures is shown below in Egs. (4)—«(8), and the results are given in Tables 2 and 3,

respectively [25, 26]:

TN +TP

Aceuracy = P Y TN + FN

- rp
Sensitivity = TPTFN

e T'N
Specificity = TN+ FP

. TP
Precision = TP+ FP

2 (precision * sensitivity)

F_measure =

precision + sensitivity

(4)
®)
(6)
()

(8)

Where, True positive (TP), False-positive (FP), True-negative (TN) and False-negative (FN).

Table 2: Findings on the performance measures of the experiment-1

F- measure Precision Specificity Sensitivity Accuracy Class
0.80 0.87 0.96 0.74 0.91 Eosinophil
0.94 0.92 0.97 0.96 0.97 Lymphocyte
0.95 0.95 0.98 0.94 0.97 Monocyte
0.79 0.75 0.91 0.83 0.89 Neutrophil
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Table 3: Results of performance measures of the experiment-2

F_measure Precision Specificity Sensitivity Accuracy Class
0.92 0.91 0.97 0.92 0.96 Eosinophil
0.99 0.99 1.00 0.99 0.99 Lymphocyte
0.99 0.99 1.00 0.99 1.00 Monocyte
0.91 0.92 0.98 0.90 0.96 Neutrophil

5. Conclusion

This study developed a deep learning approach to classify WB images, classify eosinophils,
lymphocytes, Monocytes and Neutrophil Cells, based on a novel strategy for assembling RGB channels of
a blood sample image using the Resnet-18 Model. Using image enhancement technology as a preprocessing
step improves classification accuracy. The two experiments showed that, without enhancement, the original
dataset achieved an overall accuracy of 86.89%, whereas after the image-optimization and clustering
process the overall accuracy increased to 95.24% (training accuracy of 99.17%). Based on the
aforementioned results, this study concludes that the data processing assisted in enhancing the rate of the
classification output. Future works can include more approved datasets from WHO to develop a novel
convolutional neural network. Furthermore, doctors and medical practitioners may be assisted by creating
an integrated system that will enable them to determine the population and types of WBCs. This could be
achieved by employing some engineering devices by cropping vital aspects of images or using filters to
minimise the time taken to execute data analysis.
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