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Haematologic malignancies pose a significant global challenge, with 1.34 million new cases reported in
2019 and leukemia claiming 311,594 lives in 2020. Early diagnosis of these blood disorders increases
survival chances by enabling prompt treatment, yet their complexity and variable cellular morphology
hinder accurate detection. Advances in Medical Imaging and Al, particularly Image Classification, offer
solutions by analyzing blood samples for subtle morphological patterns. This study advances the field by
introducing a novel data set for the classification of red blood cells and using open-source data for the
classification of leukemia and lymphoma (each covering 29,363, 16,811, and 1,436 images, respectively).
We fine-tuned multiple AI models, including EfficientNetB3, ResNet50V2, and a pretrained Vision Trans-
former (ViT), and combined their strengths into a weighted ensemble framework. Evaluated across various
metrics (including accuracy, precision, recall, etc.), the proposed HematoFusion model excelled, achieving
96% accuracy in the morphology of red blood cells, 99% in Leukemia, and 96% in Lymphoma, surpassing
most existing models in terms of accuracy while covering a wider range of haematologic disorders. These
findings demonstrate the potential of integrated Al frameworks to improve haematologic diagnostics with
precision and reliability.

Povzetek: HematoFusion je utezeni ansambel ResNet50V2 in Vision Transformer, namenjen avtomatski
klasifikaciji hematoloskih motenj iz mikroskopskih slik. Sistem uporablja nov RBC-nabor podatkov ter
odprtokodne nabore levkemije in limfoma ter izboljsa zanesljivost diagnosticnega razpoznavanja krvnih

celic.

1 Introduction

The collection of blood samples is crucial to understanding
diseases, preventing them, and thoroughly providing treat-
ment.

The diagnosis of blood cell diseases hinges significantly
on determining the patient’s Blood Cell Count (BCC) and
observing the appearance of cells under a microscope. It
serves as a guide for the pathologist or biologist, providing
vital information on diseases that are indicative of quantita-
tive (variations in the number of cells) or qualitative (struc-
tural or functional) abnormalities in blood cells [|L1].
Patients admitted to consultation often suffer haematologic
dysfunction (either qualitative or quantitative), some ex-
amples of the most common cases requiring medical eval-
uation are caused either by a decrease in complete blood
count, anemia, for instance, sees a decrease in the num-
ber of Red Blood Cells (RBCs) or the level of hemoglobin,
or an increase/ concentration in the amount of RBCs, as
marked in the condition of Erythrocytosis. Other condi-
tions mark a change in the cell’s shape and/or size, includ-
ing: microcyte, macrocyte, echinocytes, codocyte, acan-

thocyte, spherocyte, and more. White Blood Cells (WBC)
and platelet disorders can mainly be described as quantita-
tive, for example: Leukopenia, leukocytosis, neutropenia,
lymphocytopenia (WBC), thrombocytosis, or thrombocy-
topenia (platelets). Most qualitative disorders are of cancer
or proliferative disorders, including Leukemia, lymphoma,
myeloma (WBC), and Hemophilia (platelets) [9].

The pathologist, along with other medical professionals,
depends on studying and examining body tissues to per-
form diagnostics. The microscope is the main tool used
to observe blood cells, which provides a detailed descrip-
tion of them in terms of shape and count. Blood cell
observation can be extremely challenging with the naked
eye and requires enormous concentration and focus; mod-
ern technologies, however, recommend new techniques in-
volving the use of a camera to capture microscopic im-
ages that can be exploited for further studies and examina-
tion. Some existing solutions like EasyCell ® Assistant, Vi-
sion Hema®Assist, include a stand-alone tool using highly
costly robots and integrated microscopes that can assist the
pathologist to make decisions and save time; nonetheless,
due to their high costs and unavailability in public hospi-
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tals and laboratories, these solutions cannot be relied upon
entirely. This leads us to consider cheaper and more effec-
tive innovations emerging in recent years, including Deep
Learning (DL) and its various contributions. DL has been
widely implemented by researchers in the medical field,
and it has given promising results regarding medical imag-
ing (MRI, X-Rays, CT...) [30, 52] and enabled medical pro-
fessionals to rapidly diagnose and detect abnormalities in
the human body without exhausting analysis and observa-
tions.

This paper aims to improve classification accuracy for
haematologic diseases by leveraging ensemble learning
techniques applied to multi-source microscopic datasets,
preserving the full spectrum of morphologic variability.
The latest DL techniques were exploited, including trans-
fer learning and fine-tuning Convolutional Neural Net-
work (CNN) models and the recently emerging visual trans-
former (ViT) [28]. The ResNet50V2 and EfficientNetB3
networks were chosen as they were preferable for micro-
scopic image classification, and the latter was suitable for
scenarios with limited computing resources. We acquired
different sources for our data set that study not only Red
Blood Cell disorders but also White Blood Cells (WBC).
The CNN and ViT models were separately trained using
the completed data set, and the results were later combined
to enhance the performance.

A description of our contribution is provided on the follow-
ing lines:

A meticulously curated data set for Red Blood Cell
Morphology using samples collected in the Anti-
Cancer Center in El-Oued, Algeria.

— The base architecture of EfficientNetB3 was used with
transfer learning, leveraging pretrained weights from
ImageNet. It was additionally fine-tuned for the task
of blood cell classification.

— The ResNet50V2 was also integrated and transfer-
learned as a base architecture and eventually fine-
tuned by adding dense layers and regularization tech-
niques that serve to enhance the model’s performance.

— A pretrained ViT model was applied to our data set
to classify blood cell images through self-attention
mechanisms. The model was fine-tuned by optimiz-
ing hyperparameters to improve accuracy.

— A hybrid CNN/ViT model was developed by combin-
ing the strengths of CNNs for local feature extraction
with those of ViT which captures global features more
efficiently.

2 Related work

Pathology and detecting blood disorders require a mass of
work and time by a biologist to prepare the blood, test it,
and analyze it.
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Nevertheless, the emergence of developed technologies,
such as deep learning, made things much easier for biol-
ogists/ pathologists, as it assists them with the process of
analyzing the blood smear and detecting abnormalities in
cell type, shape, and aggregation. If done entirely by the
pathologist, this step may take hours or even days when
necessary, which causes a decline in the health worker’s
focus and even eyesight.

This urged the need to automate the task to alleviate the
pressure on them. Many studies have been conducted to
address this problem by exploiting the use of Artificial In-
telligence and its diverse techniques.

In its earliest phase, peripheral blood image analysis was
inspired by the emerging use of Artificial Intelligence in
the medical field and its automation. Kim KS, et al. [2]
designed a system that uses a CCD camera attached to the
microscope to capture the peripheral images, preprocess-
ing techniques such as edge enhancement and noise re-
moval were applied, and the images were later classified
into 15 types of Red Blood Cell abnormalities and 5 normal
shapes of White Blood Cells using neural networks. Fol-
lowing that, neural networks, mainly Convolutional Neu-
ral Networks, were explored for blood cell image analy-
sis and classification. WBC and its 5 different normal cell
shapes (Neutrophils, Lymphocytes, Monocytes, Basophils,
Eosinophils) were the easiest to classify and readily avail-
able [[14] [56] [B7]. Classification accuracy reached 96%
using a simple neural network that consists of 16 neurons
input layers and 10 nodes in a single hidden layer to achieve
a minimum error less than 10~* and the output layer with 5
neurons to classify each type [[L4]. Ali et al. [54] proposed
the VGG16-ViT network that uses two online datasets to
classify WBC subtypes, achieving excellent precisions of
98.99% and 99.95% on each dataset.

The DenseNet121 model [[12] was used by Bozkurt F. [27]
on the open-access data set provided by Paul Mooney,
available on Kaggle.com [|L8], reaching an accuracy of
98%. Another Two-Module Deformable CNN and Trans-
fer learning was proposed by Yao Xufeng, et al. [37], whilst
the first module initializes the ImageNet [3] characteristic
weights, the second module was designated for classifica-
tion. The authors achieved precisions of 95.7%, 94.5%, and
91.6% for low-resolution and noisy undisclosed data sets,
BCCD data set [20], respectively.

Some of the studies, however, focused solely on the clas-
sification of one disease. Leukemia is one of the most
common blood cancers, leading to growing interest in
developing new diagnostic systems for early detection
and prevention. In this context, CNNs have gained sig-
nificant attention due to their efficiency and high accu-
racy in image-based classification tasks. Areen K. et al.
[47] compared in their study multiple CNN-based algo-
rithms (AlexNet, DenseNet, ResNet, and VGG16), em-
ploying three datasets (ALL-IDB, ASH ImageBand, and
images captured at JUST); reaching an accuracy of 94%.
DeepLeukNet proposed by Saeed et al. [53] was conceived
to classify Acute Lymphoblastic Leukemia (ALL) subtypes
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employing a CNN-based classifier on the ALL-IDB1 and
ALL-IDB?2 datasets, attaining 99.61% accuracy. Kasim et
al. [55] leverages the online datasets ALL-IDB and Mu-
nich AML Morphology datasets for multi-class classifica-
tion of Leukemia subtypes using pretrained CNN architec-
tures and other classification models, including Random-
Forest, SVM, and Extreme Gradient Boosting. The highest
accuracy achieved by this method was of 88%. In recent
studies, Vision Transformers (ViTs) have been employed
for the classification of Leukemia subtypes. Swain et al.
[59] proposed in their research a model based solely on
ViTs and classified ALL subtypes. The accuracy of the test
set reached 99.67%. A similar approach was implemented
by Prasad et al. [51]] who attained an overall accuracy of
98.01% for the automatic detection of ALL. Others opted
for architectures combining both CNNs and ViTs to further
enhance feature extraction. For instance, Tanwar et al. [60]
combined in their study the ResNet50 model with the ViT,
establishing a dual-stream architecture, reaching an accu-
racy of 99%.

DL also proved efficient in the classification of other types
of cancer such as Lymphoma. Its potential was thoroughly
explained by several researchers [58] [B39], stressing the
application of CNNs and ensemble techniques. Ozgur et
al. [49] developed a triple classification system of various
Lymphomas: CLL, FL, and MCL, and employed a com-
bination of ML and DL algorithms, reaching precisions of
94%, 92%, and 82%, respectively.

Sickle Cell Anemia and Malaria can be diagnosed by exam-
ining the patient’s RBCs. Harahap Mawaddah, et al. [29]
used a data set that regroups 27.588 images of infected and
healthy individuals’ RBCs provided by Yasmin M. Kassim
et al. [23]. 2 CNN architectures were compared during
the classification. LeNet-5 [|I]] was deemed more precise
than DRNet [44] in classifying RBCs affected by Malaria,
with accuracies of 95.7% and 95%, respectively. Alzubaidi
Laith, et al. [22] introduced a CNN classifying RBC into
3 classes, namely normal, abnormal, and miscellaneous.
They used the same network as a feature-extractor, then ap-
plied the Error Correcting Output Codes (ECOC) classifier
for the classification task, achieving an accuracy of 92.06%
In addition to neural networks, Machine Learning tech-
niques were also employed to address the problem of Blood
Cell Image Analysis. Aliyu Hajara Abdulkarim, et al. [[17]
compared Support Vector Machine (SVM) against Deep
Learning methods using AlexNet architecture [5]. The
dataset used was open-sourced and distinguished 4 types of
RBC abnormalities along with their normal shape. The ac-
curacy for the CNN model was relatively weak and couldn’t
exceed 33%, while the SVM model achieved a perfect
100% on the RBC data set. The latter was deployed with
the Radial Basis Function (RBF) default setting; this same
network was employed by Syahputra Mohammad Fadly, et
al. [[15], achieving an accuracy of 83.3% using Canny Edge
Detection for preprocessing and feature extraction to clas-
sify 3 types of RBC abnormalities.

Label-free identification was also explored by various re-
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searchers using an imaging flow cytometer to classify un-
stained WBCs [[19] and optofluidic time-stretch microscopy
along with Machine Learning for aggregated platelets de-
tection as well as single platelets and WBC [[13].

Visual or Vision Transformers were introduced by Doso-
vitskiy, et al. [28] in 2020, to exploit transformers in vi-
sual applications. Given that image classification is rather
anovel concept for transformers, it may take a while to fully
develop and exploit ViT in this regard. Compared to ViT,
CNN can handle large-scale data sets better and offer ex-
cellent results. ViT, however, is known for its understand-
ing of global context and dependencies, although it requires
pretraining large amounts of data to achieve comparable re-
sults to CNN. [34] Therefore, an ensemble ViT/CNN model
can be an excellent approach to incorporate ViT’s efficien-
cies with CNN, this was previously done by Y.Barhoumia,
et al. [26] to address another consistent problem of Intra
Cranial Hemorrhage Classification. It was also employed
by Jiang Zhencun, et al. [32] to diagnose ALL. The en-
semble model method used is the weighted-sum model; the
output results of the ViT models are multiplied by a co-
efficient of 0.7, and the output results of the EfficientNet
model [21]] are multiplied by a coefficient of 0.3. The au-
thors later combined the results to get the final prediction
result. The ViT-CNN ensemble model achieved outstand-
ing results with an accuracy of 99.03%, exceeding the mod-
els in the literature.

A comparative summary of recent studies on cancer classi-
fication using deep learning methods is presented in Sup-
plementary Material: Section 1 (Table S1), which pro-
vides the datasets used, classification techniques, number
of classes, and accuracy values reported.

3 Methods

3.1 Data acquisition

The data set used for the classification was acquired by
combining different sources.

1. The Chula RBC-12-data set [33] of RBC blood
smear images, which contains a total of 706 smear
images describing 13 classes of RBC, and compris-
ing over 20K images of normal and pathological RBC.
The images provided were collected at the Oxidation
in Red Cell Disorders Research Unit, Chulalongkorn
University in 2019, with a DS-Fi2-L3 Nikon micro-
scope used at 1000x magnification. The 13 classes
are specified as follows: Normal cell, Macrocyte, Mi-
crocyte, Spherocyte, Target cell, Stomatocyte, Ovalo-
cyte, Teardrop, Burr cell, Schistocyte, uncategorized,
Hypochromia, Elliptocyte. 2 classes were neglected
for the lack of blood smear images.

2. The ThalassemiaPBS-data set [40] contains 7108
images of peripheral blood smear images of four
thalassemia patients for nine cell types (Elliptocyte,
Teardrop, Normal cell, Cigar cell, Stomatocyte, Target



400 Informatica 49 (2025) 397416

cell, Hypochromia, Spherocyte, Acanthocyte). The
images were collected by a clinical pathologist from
the Clinical Pathology Laboratory of the Faculty of
Medicine, Public Health and Nursing, Universitas
Gadjah Mada, Indonesia, using the Olympus CX21
microscope attached with an Optilab advance plus
camera with 1000x total magnification.

3. The RBC-mini data set, Anti-Cancer Center El-
Oued, Algeria [57]: A small data set fragment (mini-
batch) provided by the specialized healthcare facility:
Anti-Cancer Center in EI-Oued, Algeria, that contains
a total of 13 blood smear images, regrouping 5 dif-
ferent types of RBC disorders: Burr-cells, ovalocyte,
schistocyte, stomatocyte, and teardrop. The blood
smear images were captured in May 2024 using an op-
tical microscope with a x1000 magnification. These
images were integrated to augment the diversity of the
RBC class and mitigate overfitting risks, not to serve
as a core data source.

Table [l| regroups all 3 sources of RBC data sets and
lists the size of each data set per type of cell disorder,
before and after the application of data augmentation
techniques described in Section B.3.1].

The total size of the RBC data set is 29,363.

4. The Raabin-Leukemia data set [39] is a free-access
data set of microscopic images of blood cells, focus-
ing on cases related to Leukemia. 2 experts labeled
the cells, and the samples were captured from patients
at the Takht-e Tavous laboratory in Tehran, Iran. The
Zeiss microscope and LG J3 smartphone camera were
used for the imaging.

5. The Malignant Lymphoma Classification data
set [4] contains a significant number of labeled
histopathological images of lymphoma, 3 types of
this cancer are covered in this data set: Chronic lym-
phocytic leukemia (CLL), follicular lymphoma (FL),
and mantle cell lymphoma (MCL), through biopsies
sectioned and stained with Hematoxylin/Eosin (H+E).

Tables P and B present the Lymphoma and Leukemia
datasets, respectively, compiled from the Malignant
Lymphoma Classification dataset and the Raabin-
Leukemia dataset. The tables show the class distribu-
tion before and after applying the data augmentation
techniques described in Section B.3.1. The Lymphoma
dataset consists of 1,436 images, while the Leukemia
dataset contains 16,811 images.

3.2 Image cropping

Figure [l| presents a representative blood smear image from
the Chula RBC-12 data set.[33] Each image was manually
cropped to focus on individual RBCs and relevant regions
of interest. They were subsequently categorized based on
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specific morphological characteristics. The organization of
these classes was performed meticulously to ensure consis-
tency with the referenced files provided by the authors.
The accompanying “Label” folder within the data set
houses a series of files providing detailed annotations
for each image, structured in a specific format: the x-
coordinate, y-coordinate, and the corresponding RBC type
encoded as a numerical value (each class is given a unique
value from 1 to 11).

This labeling system facilitates the task of accurate iden-
tification and classification of RBCs, thereby serving as a
foundation for various haematological studies and the de-
velopment of automated diagnostic tools.

The same process was replicated on the RBC-mini data set
which we collected in collaboration with the Anti-Cancer
Center in ElI-Oued, Algeria. The resulting blood smears
were preprocessed and cropped using the OpenCV library
as described below. The extracted images were manually
labeled under the supervision of specialists at the Center.

1. Load the Image using OpenCV.

2. Preprocess the Image by converting it to grayscale and
applying thresholding or edge detection to highlight
the cells.

3. Find the cells using contour detection.

4. Extract each cell based on the detected contours and
save them as separate image files.

Cropped Images of Single
Cells: "Class: Normal"

Blood Smear Image

Figure 1: Images of single-cells cropped from one blood
smear image

The images provided by the ThalassemiaPBS-data set
[40] already consisted of single cells; therefore, no further
preprocessing was needed. This process was necessary to
isolate and classify specific morphological abnormalities.
In contrast, the leukemia [39] and lymphoma [4] data
were not cropped as single cells. Instead, the whole
blood smear images were retained as input, since the
spatial context and global information contained in the
whole smear image are all positively contributing towards
the classification of leukemia subtypes and malignant
lymphomas.  These differences in preprocessing re-
flect the varying nature of the diagnostic tasks and were
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Table 1: The complete Red Blood Cells data set description by type of cell and data size, including before and after

augmentation

Index | Type of RBC | No. of images [33]] | No. of images [40] | No. of images [57] | Total (with augm)
1 Acanthocyte | 0 354 0 1432
2 Burr Cell 90 0 10 982
3 Cigar Cell 455 24 0 1893
4 Hypochromia | 90 222 0 1284
5 Normal 1812 1426 0 3292
6 Ovalocyte 114 1211 4 3735
7 Schistocyte 108 0 8 453
8 Spherocyte 92 562 0 2640
9 Stomatocyte | 49 382 3 1792
10 Target Cell 651 851 0 3912
11 Teardrop 26 2085 6 7948

Table 2: The Lymphoma data set description by type of cell

and data size, including before and after augmentation

Category Subtype | Before | After
CLL 113 443

Lymphoma | FL 139 526
MCL 122 467

Table 3: The Leukemia data set description by type of cell
and data size, including before and after augmentation

Category | Subtype Before | After
ALL (L1) | 377 1131
ALL (L2) | 3595 3595

Leukemia AML (m0) | 672 997
AML (ml) | 425 1700
CLL 1071 3741
CML 1624 5647

taken into account during the design of the model pipelines.

3.3 Data processing
3.3.1 Data augmentation

Data augmentation is a technique that is essential in image
processing. It consists of artificially enhancing the size of
a given data set by making changes to the original images.
Furthermore, this method presents a solution to improving
the model’s performance by mitigating common issues like
overfitting.

These variations of the existing images generated by the
data augmentation techniques provide a more robust data
set. These alterations can consist of simple geometric trans-
formations, and color or noise introductions, all designed to
make the model’s predictions more generalizable and accu-
rate.

In the present study, three primary data augmentation tech-
niques were employed, namely: flipping, which involves

mirroring the image horizontally or vertically, rotation,
which involves altering the image by turning it by a speci-
fied degree, and Gaussian blurring, which can help reduce
noise and minor details by adding a Gaussian filter to the
image.

When combined, these augmentation techniques allowed us
to enrich our data set, all the while relying on additional
data preprocessing techniques that will be introduced in the
following sections.

3.3.2 Data resizing

Another vital preprocessing technique before training
the model is ”Resizing”. Since our data set is acquired
from various sources, it is rather imbalanced, and images
come in different sizes and shapes. Therefore, the sizes
must be standardized into a uniform squared dimension
before feeding the images into the model. This will allow
the model to learn efficiently and improve its accuracy.
Each model expects a certain target size for the images.
ResNet50V2 model, for instance, requires a target size
of (224, 224, 3); we were able to apply it using the
flow from_directory() method in Keras. EfficientNetB3,
however, expects input images of shape (300, 300, 3) by
default, but the model can accept other input shapes as
long as the shape is at least 224 x 224 and the number
of channels is 3 (RGB); thus, the input size was resized
to (224, 224, 3) to reduce computation time and memory
usage.

When provided with the target size, Keras uses bilinear
interpolation by default for the image resizing operation.
The formula specified below is a representation of the pro-
cess in which the original coordinates are mapped to new
ones using interpolation.

new(i’, j/) = interpolate (orig (i~ i j- @)) (D
’ Htgl ’ tht
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3.3.3 Data rescaling

To ensure uniformity across input data and improve
model training, all images were rescaled using appro-
priate preprocessing techniques depending on the model
architecture. To further enhance the CNN-based models’
efficiency, we’ve used “Rescaling”, a technique in which
the image’s range of pixel values is changed to a standard
or normalized range.

There are two common rescaling techniques: Standard-
ization and normalization. In our paper, we’ve opted for
the latter, which ensures that various pixel values are used
during the model’s learning process. The pixels of a given
image can be represented as integers in the range of 0 to
255 in the case of an 8-bit image. Rescaling modifies these
values into a different range of -1 to 1 or O to 1 when using
normalization.

Likewise, we’ve used the flow_from_directory() method
to rescale the images by a factor of 1/255 for our training,
validation, and test batches. This method uses a form of
Min-Max Scaling, where each pixel value is divided by
255. The minimum value (0) in this case maps to 0, and
the maximum value (255) in turn maps to 1. Its formula
can be defined as follows:

Xscaled = % (2)
max — “‘min

Meanwhile, for the ViT model, a different preprocess-

ing strategy was implemented to fit its expected input dis-

tribution. Mean—standard deviation normalization was ap-

plied to standardize the image data and improve the model’s

convergence. Each image’s pixel values were normalized

using the following channel-wise means and standard devi-
ations:

— Mean: [0.485, 0.456, 0.406]
— Standard deviation: [0.229, 0.224, 0.225]

This normalization follows the formula:

pixel(i, j) — mean

normalized_pixel(i, j) = std_de
- acev

A3)

Additionally, Supplementary Material: Section 2.2 in-
cludes the parameter-level details of the aforementioned
data augmentation techniques.

3.4 Proposed solution

In this section, we present the architectures we employed
for our blood-cell classification system based on the lat-
est deep-learning techniques. Three state-of-the-art models
were explored for this task: EfficientNetB3, ResNet50V2,
and Vision Transformer (ViT). To further enhance the clas-
sification accuracy, we developed ensemble models com-
bining the strengths of ViTs and CNNs. In training, Trans-
fer Learning was used to fine-tune each of the cited archi-
tectures, and the hyperparameters were optimized to suit the
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specifics of the corresponding data set.
The choice of models and more specific details are ex-
plained later in the section.

3.4.1 EfficientNetB3

A member of the EfficientNet family that was first intro-
duced in May 2019 by [21]]. This architecture was chosen
due to its superior performance in feature extraction and its
ability to balance computational efficiency with high accu-
racy, making it well-suited for tasks like blood cell classi-
fication.

EfficientNets are developed based on AutoML and com-
pound scaling. The authors first used the AutoML MNAS
Mobile framework to develop a baseline network, which
they named EfficientNetBO, the first of the EfficientNet
family. They then used the compound scaling method to
scale up and obtain the series from B1 to B7.

The architectures achieved higher accuracy and efficiency
despite being smaller and, thus faster than other models.
In our paper, we have opted for the B3 version which gave
promising initial results, additional layers were added to
adapt the model for blood cell classification.

We additionally adjusted key hyperparameters meticu-
lously during training, such as learning rate, batch size, and
dropout rate.

Figure P shows the architecture of the EfficientNetB3
base model that we have adopted for our specific classifica-
tion task. The architecture was created using diagrams.net
(formerly known as draw.io). [31]

The model is first fed microscopic images resized to (300,
300, 3) and processed through its pretrained backbone.
The default fully connected classification head of Efficient-
NetB3 had been removed since it is only specific to the Im-
ageNet data set it was trained on (containing 1000 classes),
which allowed us to add the custom classification head tai-
lored to our data set.

Three versions of the same architecture were used, each
with a modified softmax layer to adapt to our three differ-
ent data sets: (1) for RBC classification, 11 classes, (2) for
Leukemia classification, 6 classes, (3) for Lymphoma clas-
sification, 3 classes.

The EfficientNetB3 backbone acts as a feature extractor,
extracting spatial and hierarchical features that are later fed
to the added layers for learning. The first five layers are
frozen to prevent the weights from being updated during
training. This helps to adapt the deeper layers to our data
set; whereas freezing more layers could have resulted in
under-fitting since the data set has unique characteristics
that are significantly different from the original ImageNet
data set. Deeper layers of the EfficientNetB3 backbone are
unfrozen to enable the model to capture more patterns. (eg:
cell morphology, staining patterns, etc).

This version of the model expects a (300, 300, 3) input
shape by default, we have resized the input size to (224,
224, 3) to speed up training and reduce memory usage due
to limited resources and the size of our data set which is
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Figure 2: EfficientNetB3 model for blood cell classification: The model processes 300x300x3 microscopic images through
convolutional layers with Swish activation, followed by mobile inverted bottleneck blocks (MBConv 1 and 6). The first
5 layers are frozen, with fine-tuned deeper layers. A custom classification head is added for task-specific classification

rather small.

A dropout layer is added after the global average pooling
(GAP) to reduce the overfitting that we have been subjected
to due to the depth of the network against the small size of
the data set. A dropout rate of 0.3 was employed, thus de-
activating 30% of neurons during training. This prevents
the model from relying on these specific neurons.

A fully connected layer with 256 units using the ReLU ac-
tivation function is added, serving to learn complex repre-
sentations.

The classification head is completed with the final output
dense layer. The number of units corresponds to the number
of classes in each of our 3 data sets. The softmax activation
function is used to specify the multi-class classification.

3.4.2 ResNet50V2

Deep convolutional neural networks have contributed to
the Image-Classification field significantly, providing a ro-
bust platform to researchers ever since the emergence of
the first-ever deep neural network; LeNet in 1998. Later
on, in 2012, the idea of Dropout was presented, allowing
the model to avoid overfitting.
Researchers next focused solely on adding more convolu-
tional layers to increase the depth of the model, and thus, its
efficiency. However, the idea of simply stacking up layers
didn’t benefit researchers as it introduced a whole new is-
sue, the accuracy degradation, which unexpectedly wasn’t
due to overfitting, rather, it was caused by the Vanishing
Gradient Effect. [(]

Residual Neural Networks to the rescue! In 2015,
ResNet152, the first of the ResNet family was introduced.

It consists essentially of modularized architectures that
stack building blocks of the same connecting shape, called
short-cut connections, that skip one or more layers. [[10]
These connections in ResNet work by performing identity
mapping, the outputs of this mapping are added to those of
the stacked layers as illustrated in Figure B.

F(x) Relu

identity

Fx)+x

ReLu

Figure 3: Residual learning - a building block

ResNet50V2 is a residual neural network variant that
employs skip connections to prevent vanishing gradients
during back-propagation; This ensures efficiency in learn-
ing complex features present in microscopic blood cell
images.

Figure [ presents the architecture of the ResNet50V2
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Figure 4: ResNet-50v2 model for blood cell classification: The model processes 224 x 224 X 3 microscopic images
through a series of convolutional layers with ReLU activation. It consists of four main blocks with residual connections
and employs bottleneck blocks (1x1, 3x3, 1x1 convolutions). A global average pooling layer is added, followed by a fully
connected classification head, and a softmax activation for predicting blood cell classes. Key components include skip

connections, dropout (0.6), and task-specific fine-tuning

base model that we have employed for our classification.
Similarly, the model was also designed using the dia-
grams.net tool.

The model is fed a microscopic image of size (224,224,3)
that is previously preprocessed and normalized.

It consists of 50 layers, focusing more on improved gradi-
ent flow and training stability by introducing pre-activation
residual blocks and applying batch-normalization and
activation (ReLU) before convolutions.

The network’s initial block captures low-level features
such as edges, textures, and patterns by implementing
convolutional and pooling layers, followed by 4 residual
blocks, with skip connections to prevent vanishing gra-
dient problems. Higher-level features are extracted using
down-sampling (strides).

The final output of these blocks is passed through a global
average pooling layer (GAP) to reduce the feature map to a
1D vector; A fully connected layer and a softmax classifier
are added.

The base model acts as a feature extractor, and the cus-
tom layers act as a task-specific classifier, tailored to blood-
cell classification. Similar to the EfficientNet, the model
was transfer-learned by freezing the first 5 layers. This pre-
vents overfitting as the learning focuses on the deep layers,
and a dropout layer is also added to ensure the model does
not memorize the training data. Preceded by a 256 units
dense layer that allows the model to combine the learned
features to improve classification and the classifier ends
with a dense layer that has the same number of neurons
as the classification classes: (1) for RBC classification, 11
classes, (2) for Leukemia classification, 6 classes, (3) for

Lymphoma classification, 3 classes.

3.4.3 Experimental hyperparameters

Table [ presents a breakdown of the hyperparameters and
setup used in the experiments based on the training pipeline
using Keras/Tensorflow, along with their purposes, as well
as the strategies employed to transfer-learn and fine-tune
the models and achieve the best accuracies possible.

The EfficientNetB3 and ResNet50V2 models were both
trained using the same hyperparameters detailed in Table [.

3.4.4 Experimental environment

Hardware: The experiments for all 3 models were con-
ducted by Google Colab; It typically consists of NVIDIA
Tesla GPUs.

Software: Platform: Google Colab, a hosted Jupyter
Notebook environment.

Framework(s): Tensorflow v2.18.0 and Keras v3.6.0 were
used to develop, train, and evaluate the 3 models.

Python: Version (3.10).

Libraries: matplotLib, numpy, PIL, joblib, and more were
used to preprocess, analyze, and visualize data.

Storage: The 3 data sets were preprocessed and split into
Training, Validation, and Test data sets, each stored in
Google Drive, which is mounted to the Colab environment
for access. The detailed data split strategy, including train-
ing, validation, and testing partitions, is provided in Sup-
plementary Material: Section 2.1.
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Table 4: Experimental hyperparameters for training the CNN models and their purposes

Hyperparameter Value Purpose
Optimizer Adam (LR=10"*) | A low learning rate is employed to fine-tune pre-
trained layers.
Loss function Categorical Used for multi-class classification.
crossentropy
Metrics Accuracy To monitor the number of correctly classified in-
stances during training.
Steps-per-epoch ResNet50V2: 20, | The number of training batches processed per
EfficientNetB3: epoch.
200
Validation steps ResNet50V2: 10, | The number of validation batches processed per val-
EfficientNetB3: idation step.
316
Epochs ResNet50V2: 300, | Specifies the training schedule which allows grad-
EfficientNetB3: 10 | ual convergence.

3.5 ViT model

Visual or Vision Transformers (ViT) is a novel approach in-
troduced by Dosovitskiy et al. [28]. It uses the concept of
transformers designed specifically for visual applications
and image classification tasks in particular.

When using the transformer blocks in ViT, the multi-head
attention mechanism is applied to integrate global context
efficiently and learn high-level features. [42]

Following the success of NLP transformers []16], Dosovit-
skiy et al. were inspired to develop a new attention-based
class of models that can be exploited in Computer Vision.
Compared to NLP transformers, ViT only uses the encoder
attention branch, neglecting the decoder attention branch,
whilst word tokens are replaced by image patches.

In a normal CNN, the entire image is taken as input,
whereas in ViT, the image is first divided into equal-sized
patches, which are passed through some linear layers; the
outputs of this layer are known as patch embeddings. Be-
tween these embeddings, we have the position embeddings,
which serve to provide the model with some positional in-
formation regarding the sequence of these patches. After-
ward, another learnable token is added to the position em-
bedding for image classification purposes.

Figure [ presents the architecture of the ViT model we
have employed for our blood cell classification task. Prior
to the training phase, the data was first prepared and pro-
cessed to fit the model’s requirements and expected input.
The data set was initially split into training, validation, and
test sets and stored in specific folders. The ImageFolder
utility was used to load the images and associate them with
their corresponding classes based on the folder names pro-
vided. The images were later resized to fit the shape ex-
pected by the ViT model: 224 x 224. Further normalization
was implemented to standardize the image data, and make
it more suitable for the model (See Section B.3.3).

Similarly to the CNN architecture, three versions were
implemented for each data set: (1) for RBC classification,
11 classes, (2) for Leukemia classification, 6 classes, (3)

for Lymphoma classification, 3 classes.

The pretrained backbone uses the google/vit-base-
patch16-224-in21K model from the Hugging Face library
[25] as a feature extractor. The model was trained on the
ImageNet-21K data set [8]. It was fine-tuned to adapt to
the blood cell classification task, where the number of
labels was defined as the number of classes in the data set
as mentioned previously in this section.

The transformer encoder depicted in Figure [ is first
provided with the embedded patches (Patch-embedding/
Position-embedding). The input image is divided into
fixed-size patches of 16x16. We next apply a linear projec-
tion on the flattened patches to form a fixed-dimensional
vector. Unlike CNNs, Transformers require position em-
beddings to learn and capture the input’s order of sequence
[B8]. It serves to improve accuracy and encode the spatial
information of the patches.

The combined embedded patches are fed into the Trans-
former Encoder to go through a series of L layers, each in-
cluding a list of components, as follows:

1. Multi-head self-attention is a mechanism that enables
the model to learn global patterns by splitting the
process of self-attention into multiple heads, where
each head focuses on the interaction between patch-
embeddings differently.[[1§] The attention calculations
are eventually merged to give a more global score.

2. The output of the Multi-head attention is added to
the input of the next component by a skip connec-
tion (residual connection) after normalization. As ex-
plained earlier, residual connections are added to pre-
vent the vanishing gradient during training.

3. To further enhance the model’s learning through
patch-embeddings, a feed-forward network (FFN)
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Figure 5: Vision Transformer (ViT) Architecture for blood cell classification: The model processes 224 x 224 microscopic
images through patch embeddings and position encoding, which are later fed to the transformer encoder with loaded
weights from the pretrained ViT-B-16 in 21K model. After passing through the transformer encoder, the embeddings are

used as the input to the classification head (MLP + Softmax)

[48] is fed to the normalized output of the Multi-
head attention, which consists of fully connected lay-
ers with a GeLU activation in between. This allows
the model to capture local transformations.

4. Similarly to the Multi-head self-attention block, the
FFN is normalized and added to the residual connec-
tion.

The output of the Transformer Encoder is a sequence of em-
bedding, enriched with local and global contextual informa-
tion, independently for each patch.

After passing through the Transformer Encoder, the embed-
ding corresponding to the special classification token (cls)
is used as the input to the classification head that consists
of a Multi-Perceptron head (MLP), and a softmax classifi-
cation head.

The MLP takes the output of the Transformer Encoder and
feeds it into a series of fully connected layers to prepare the
data for the softmax classification head that processes it to
the desired classes.

3.5.1 Experimental hyperparameters

Table [ outlines the hyperparameters used for training a
ViT model using the backbone google/vit-base-patch16-

224-in21k, along with their respective values; detailing the
batch size, the learning rate, and the optimizer employed.
The OneCycleLr Scheduler was used as a strategy to vary
the learning rate during training; each cycle uses a maxi-
mum of 1073 as a learning rate. Other parameters include
the CrossEntropyLoss function and a total of 10 epochs
(624 batches per epoch) to train the model.

Table 5: Experimental hyperparameters for training the ViT
model

Hyperparameter | Value

\Batch size 32

ILearning rate 10~ (initial)

Optimizer AdamW

Scheduler OneCycleLR

Scheduler Max Ir | 1073

Wumber of epochs | 10

\Loss Function CrossEntropyLoss

Model backbone google/vit-base-patch16-224-in2 1k
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CNN models, and the predictions of the models are later
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3.5.2 ViT-CNN ensemble model

To further enhance the performance of our models, an
ensemble method was introduced to seek the opinions
of several models and combine them to achieve highly
accurate classifications than those of the raw models when
trained separately [44] [50]. Through our experiments,
we have observed the superiority of residual networks
in training and efficient learning, while the ViT model
performed better in certain instances, focusing more on
learning complex features. Thus, we incorporated in our
methodology a dual-architecture ensemble, combining
the residual network’s efficiency with the high precision
obtained by the ViT.

Figure [ presents the flowchart of the ResNet-ViT
ensemble model that we have implemented.
The weighted-average ensemble method was selected
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after experimenting with the most prevalent methods in
image classification tasks, namely, maximum voting, the
averaging method, and the weighted sum. In the weighted-
average method, the models are assigned different weights
after training, defining the importance of each model for
prediction.

The weighted-average ensemble combines predictions
from a CNN (M;) and a Vision Transformer (M;), with
output probabilities for class ¢ denoted as P;(c) and P;(c),
respectively, obtained via the softmax function to ensure
> Pi(c) = 1fori = 1,2. The weights wy and w, are as-
signed to M and M, based on validation performance. The
ensemble probability for class ¢ is computed as:

w1 Pi1(c) + waPa(c
Pensemble(c) = ! IE/V]) + Wi 2( ) (4)

The final class prediction is determined by selecting the
class with the highest ensemble probability:

¢ = arg max Pensemble(¢) ®)

Preprocessing: The input fed to the already trained
models is first preprocessed; each model is preprocessed
differently. The ViT uses normalization with mean and std,
while the CNN uses simple rescaling (1/255). The models
are later loaded to make predictions, and both models
output probabilities for the different classes; we used the
softmax function to ensure that they sum up to 1.

Weight Selection: Weights w; and w, were determined
through a grid search over predefined pairs, specifically
[(0.3,0.7),(0.4,0.6)], where each pair sums to 1 to main-
tain normalized probabilities. The grid search evaluated
each weight combination on a validation subset using
classification accuracy as the performance metric. The pair
that achieved the highest accuracy was selected. Further
details about the ensemble weight selection and perfor-
mance across datasets are provided in the Supplementary
Material: Section 3.

4 Results

This section provides an in-depth analysis of the results
obtained from our experiments. First, we explore the
performance of our individual models, using the insights
present in the confusion matrix and focusing on metrics
such as: (1) accuracy, (2) precision, (3) recall, (4) F1-score,
(5) Cohen kappa, and (6) AUC scores, followed by an
evaluation of the ensemble model, HematoFusion. The
evaluation is conducted across the three data sets we have
introduced in earlier sections, and the results are eventually
interpreted in the context of existing literature.
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The Accuracy is calculated by measuring the number of
predicted cases. When achieved, a high accuracy means the
overall performance of the model is good. However, in the
case of imbalanced data sets, high accuracy can be mislead-
ing, and other metrics are necessary to further evaluate the

model.
TP + TN

TP + TN + FP + FN

The Precision is calculated by measuring the number
of correctly predicted positive cases. A high precision is
achieved only if most of the positive cases are correctly pre-
dicted. [45]

Accuracy =

(6)

TP
Precision = ——— 7
recision = ———- @)
The Recall, also known as Sensitivity or True Positive
Rate measures whether all relevant cases of the data set

were correctly predicted.[45]

TP

Recall = TP TN ®)
To address the accuracy’s shortcomings in handling im-
balanced data sets, which is the case in our paper, the F1-
score was introduced for balanced evaluations, combining
precision and recall in one metric. The F1-score eventu-
ally only achieves a high accuracy when both precision and

recall are high. [43]

Precision - Recall
Precision + Recall

F1 Score =2 C)
The Cohen Kappa was introduced as a statistical mea-
sure of the agreement between the predicted labels and their
actual values. If k=1, the perfect agreement is achieved,
if k=0, the agreement is random, and if x<0, it means the
model achieved more than a random agreement. [3€]
_P,-P,

o=’ 10
TP, (19)

where:

P, = Observed agreement (accuracy)

P, = Expected agreement based on chance
k

(A;- B))
P, = Z:‘ -

The Area Under the Curve (AUC) score, specifically the
Area Under the Receiver Operating Characteristic (ROC)
curve [24], evaluates a model’s ability to discriminate be-
tween classes at various thresholds of classification. An
AUC score approaching 1 indicates high discriminative ca-
pability, particularly useful for unbalanced datasets that are
common in blood cell classification, where accuracy be-
comes misleading based on class difference.

1
AUC = f TPR(FPR) dFPR (11)
0
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where:
( )
l l R = l]ue l ositive l{ate or Se]ISltIVIty
FPR (l a]se l ositive l{ate).

" FP+ TN

4.1 Classification results

To analyze the model’s performance during training, the
accuracy and loss were both monitored and visualized
through the training curves over successive epochs.
Figures S5, S6, and S7 (Supplementary Material Section
7) depict the training curves for the RBC Morphology,
Leukemia, and Lymphoma data sets, respectively.

Additionally, for further visual evaluation of the classi-
fication performance, confusion matrices were computed
on the test set, showing the number of accurate and
inaccurate predictions of instances, namely: True Negative
(TN), True Positive (TP), False Negative (FN), and False
Positive (FP).

The confusion matrices generated for the RBC Morphol-
ogy, Leukemia, and Lymphoma datasets are displayed,
respectively, in Figures [7, B, and .

These confusion matrices were used to compute the
quantitative metrics for a more specific evaluation.
Detailed tables presenting per-class performance metrics
(precision, recall, and F1-score, kappa) for each model and
dataset combination are provided in the Supplementary Ma-
terial: Section 4, Tables S3-S5.

The results for the classification of RBC Morphology,
Leukemia, Lymphoma, the Ensemble model, HematoFu-
sion are summarized in Tables B, [, and B, respectively. To
test model stability and robustness over sets, we conducted
a bootstrapping analysis. This technique provides us with
an estimate of results’ variability and increases the validity
of our performance claims over single-run statistics.
The detailed bootstrapping results with distribution plots
and summary statistics are presented in Supplementary
Material: Section 6 (Table S7 and Figures S2—-S4).
Furthermore, we have calculated and included the AUC
scores (Table S6) and ROC curves (Figure S1) for our
individual models across each dataset, as shown in Supple-
mentary Material: Section 5.

5 Discussion

5.1 Interpretation of results

The convergence of the ResNet50V2 model illustrates a
steady reduction in training loss, and the accuracy becomes
stable after reaching a certain number of epochs. The
ViT model has demonstrated higher fluctuation in both
accuracy and loss during training.
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Figure 7: Confusion matrices for the classification performance of the four models on the RBC data set: (a) EfficientNetB3
model, (b) ResNet50V2 model, (c) pretrained ViT model, (d) HematoFusion model combining the ViT and ResNet50V2
models.

Table 6: RBC Morphology classification results across the three individual models with detailed metrics for evaluation

Model Model Performance
Train Acc | Val Acc Test Acc Kappa Recall F1-score Precision
EfficientNetB3 | 0.99 0.91 0.97 0.93 0.92 0.92 0.92
ResNet50V2 0.98 0.98 0.92 0.92 0.93 0.93 0.93
ViT 0.98 0.94 0.96 0.96 0.94 0.94 0.94

Table 7: Leukemia classification results across the three individual models with detailed metrics for evaluation

Model Model Performance
Train Ace | Val Acc Test Acc Kappa Recall F1-score Precision
EfficientNetB3 | 1.0 1.0 1.0 0.99 0.99 0.99 0.99
ResNet50V2 1.0 1.0 1.0 0.99 1.0 1.0 1.0
ViT 0.99 0.99 0.99 0.99 1.0 1.0 1.0
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Figure 8: Confusion matrices for the classification performance of the four models on the Leukemia data set: (a) Effi-

cientNetB3 model, (b) ResNet50V2 model, (c) pretrained
ResNet50V2 models.

ViT model, (d) HematoFusion model combining the ViT and

Table 8: Lymphoma classification results across the three individual models with detailed metrics for evaluation

Model Model Performance
Train Acc | Val Acc Test Acc Kappa Recall F1-score Precision
EfficientNetB3 | 1.0 0.99 0.99 0.97 0.99 0.99 0.99
ResNet50V2 1.0 0.91 0.96 0.91 0.96 0.96 0.96
ViT 0.98 0.98 0.95 0.92 0.98 0.98 0.98

Table 9: HematoFusion ensemble model classification results across the three datasets, showing detailed evaluation metrics

Dataset Ensemble Model Performance
Best Acc Kappa Recall F1-score Precision
RBC 0.96 0.94 0.97 0.97 0.97
Leukemia | 0.99 0.99 1.00 1.00 1.00
Lymphoma | 0.96 0.95 0.97 0.97 0.97

When comparing the True Positives of the proposed
HematoFusion model with the individual models, we
can clearly observe an increase in the rates of correctly
classified cases and a decrease in the misclassification
rates.

The individual models struggled with predicting the

Hypochromia class. The ensemble model, on the other
hand, exhibited a stronger ability to recognize this class.
Whereas, Acanthocyte and Teardrop were easier to iden-
tify, owing to their distinguishable shapes, which was
reflected in the high number of TP.



HematoFusion: A Weighted Residual-Vision Transformer...

Confusion Matrix

True Label

L
Predicted Label

(a) EfficientNetB3 model

Confusion Matrix

True Label

L
Predicted Label

(c) Pretrained ViT model

Informatica 49 (2025) 397-416 411

Confusion Matrix

50

True Label

AL
Predicted Label

(b) ResNet50V2 model

Ensemble Model Confusion Matrix (%)

100

CLL

True

0.0

L fL
Predicted

(d) HematoFusion model

Figure 9: Confusion matrices for the classification performance of the four models on the Lymphoma data set: (a) Effi-
cientNetB3 model, (b) ResNet50V2 model, (c) pretrained ViT model, (d) HematoFusion model combining the ViT and

ResNet50V2 models.

In Table [, a slight overfitting is observed due to the

class imbalance; thus, the accuracy can be misleading for
accurate measurement of the performance. This, however,
was addressed with the use of precision, recall, and F1-
score. Although EfficientNetB3 was slightly better on test
accuracy (0.97), the ViT model outperformed in stronger
and more descriptive metrics, like Kappa score, precision,
recall, and F1-score, which indicate more balanced perfor-
mance with class imbalance. Therefore, ViT is graded as
the overall best performer on the RBC morphology dataset.
Table [ shows more consistent results on the Leukemia
data set across all models, achieving perfect classification,
which indicates better generalizations.
Both ResNet50V2 and EfficientNetB3 achieved compara-
ble top-tier performances on the Leukemia dataset, with
identical test accuracy, precision, recall, and F1-score, and
minor variations in other evaluation metrics. Efficient-
NetB3, alternatively, outperforms the other models on the
Lymphoma classification (Table B), reaching almost perfect
accuracies.

The Ensemble model, HematoFusion, demonstrates more
uniform results across all data sets in terms of all evaluat-
ing metrics, mitigating the issues with the class imbalance,
as evidenced by its performances, leveraging the strengths
ofboth the ViT and ResNet50V2 models that struggled with
some classes.

The precision improved by 4% in the RBC data set and
reached a perfect 100% for Leukemia classification, av-
eraging the performances of the individual models on the
Lymphoma data set with a precision of 97% on the test set.
Despite the strong performance of our proposed solution,
further improvement could be implemented to help the
model generalize better and address the issue of class im-
balance efficiently.

5.2 Comparative study

Table [ presents a breakdown of the performance of the pro-
posed solution across all three datasets, outlining the accu-
racy and precision of the model when compared to the lit-
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Table 10: Comparative results of the proposed solution and the literature across different metrics for each data set

HematoFusion Literature
Dataset — —
Accuracy Precision Accuracy Precision
RBC 0.96 0.97 0.98 0.97
Leukemia | 0.99 1.0 0.99 0.99
Lymphoma | 0.96 0.97 0.96 0.96
erature. to known issues like dataset imbalance. As identified pre-

In a bid to substantiate the efficiency of our proposed solu-
tion, we evaluated it against the following models:

1. Literature [|7] RBC Classification: The authors pre-
sented a Maximum Voting based Ensemble Model to
classify Dacrocyte (Teardrop), Schistocyte, and Ellip-
tocyte cells (Cigar cells) in Iron Deficiency Anemia.
The average classification precision and accuracy of
the latter reached a maximum of 97% and 98%, re-
spectively; While both models achieved the same pre-
cision of 97%, the model in the Literature reported a
slightly higher accuracy (98%) compared to Hemato-
Fusion’s 96%. Nonetheless, it’s worth noting that our
data set comprises 11 classes against the 3 classes stud-
ied in this article.

2. Literature [32] Leukemia Classification: The authors
proposed a ViT-CNN Ensemble Model for the diagno-
sis of Acute Lymphoblastic Leukemia (ALL), which
is one of the 6 classes that we analyzed in our pa-
per. Compared to the model in the Literature, which
achieved 99% accuracy and 99% precision on the
Leukemia dataset, HematoFusion matched the accu-
racy (99%) but outperformed in precision, achieving a
perfect 100%.

3. Literature [41] Lymphoma Classification: Malignant

Lymphoma (ML) was addressed in this paper, which
is among the 3 classes that appear in our Lymphoma
data set.
The proposed hybrid model used the combined fea-
tures of 3 deep learning networks, namely, MobileNet-
VGG16, VGG16-AlexNet, and MobileNet-AlexNet,
to classify the models by the XGBoost and DT algo-
rithms, reaching an average accuracy and precision of
96%.

An extended version of this comparison, covering a broader
range of SOTA models and datasets, is provided in Supple-
mentary Material: Section 8 (Table S8).

Overall, our proposed HematoFusion Ensemble model
achieved a reliable performance across the 3 data sets, de-
spite the imbalanced data set and the high number of classes
in the case of RBC Morphology Classification.

5.3 Limitations

Although the reported results show high precision, reach-
ing up to 99%, this should be interpreted with caution due

viously, some classes were underrepresented, and this could
result in biased learning as well as overfitting. To miti-
gate this, data augmentation techniques were employed (as
outlined in Supplementary Section 2.2), and performance
was monitored across a variety of metrics (precision, re-
call, Fl-score, Cohen’s Kappa, and AUC scores) rather
than simply accuracy. However, we are aware that the
lack of external validation data limits generalizability. Al-
though high-performance metrics are presented, the models
have not been prospectively validated within a real clini-
cal workflow. Their incorporation into clinical decision-
making would require extensive regulatory testing and in-
terpretability evaluation. Additionally, while conventional
regularization techniques such as dropout and data aug-
mentation were applied to address overfitting, we recog-
nize the need for more advanced strategies. Future work
will explore class imbalance mitigation techniques such
as SMOTE, GAN-based synthetic image generation, and
uncertainty-aware training beyond testing on independent
cohorts, to further assess the robustness of the model in ac-
tual clinical settings. Furthermore, we intend to conduct
ablation studies on ensemble weight parameters and data
augmentation strategies to evaluate their individual contri-
butions.

6 Conclusion

In this study, the problem of pathological blood cell clas-
sification was addressed through the use of novel deep-
learning strategies. We curated a data set for RBC Morphol-
ogy classification, consisting of samples from three dif-
ferent sources. The process involved preprocessing tech-
niques to establish a data set aligned with our research ob-
jectives; 2 other data sets were acquired, targeted for Lym-
phoma and Leukemia classifications separately.

Three distinct individual models were applied for each of
the data sets: the EfficientNetB3, ResNet50V2, and a pre-
trained ViT model. To leverage the strengths of both the
CNN and ViT architectures, an Ensemble model using the
weighted average method was developed.

The present findings confirm that the proposed Hemato-
Fusion model mitigates the shortcomings of the individual
models by enhancing the accuracy, precision, and sensitiv-
ity, achieving more consistent results across the three data
sets. While HematoFusion demonstrates competitive or su-
perior performance on Leukemia and Lymphoma classifi-
cation, particularly in precision and F1-score, it performs
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comparably on RBC classification, despite its higher num-
ber of classes and the issue of data imbalance that resulted
in a few cases of overfitting. We additionally acknowledge
certain limitations in predicting a couple of classes. These
are the key components to overcome in future research. Fu-
ture studies should also be devoted to covering more patho-
logical blood disorders and implementing further process-
ing and data augmentations to alleviate the issue of class
imbalance and overfitting.

Overall, this paper provides a foundation for future de-
velopments by establishing baseline data that future re-
searchers can expand upon to address the limited data avail-
able for RBC Morphology and combining the strengths of
the residual networks and vision transformers for a more
robust framework.
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