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ABSTRACT

Cervical cancer is a significant health concern as it is one of the most fatal causes of cancer
deaths in women. Detection at an early stage is vital, but conventional diagnostic procedures
via Pap smears relies heavily on manual cytopathology inspection, a process prone to human
fatigue, diagnostic subjectivity, and severe practitioner shortages in low-resource medical
environments. To address these challenges, this study presents an automated cervical cancer
image classification framework utilizing advanced Vision Transformer (ViT) architectures.
Three ViT variants: Data-efficient Image Transformer (DeiT), Swin Transformer, and Cross-
Attention Multi-Scale Vision Transformer (CrossViT) were fine-tuned and evaluated on the
benchmark SIPaKMeD dataset comprising five distinct cervical cell classes: superficial-
intermediate, parabasal, koilocytotic, dyskeratotic, and metaplastic. Data balance was
maintained using a dynamic WeightedRandomSampler combined with image augmentations.
Experimental results demonstrate that DeiT achieved the highest classification performance
with an accuracy of 95.22% and a weighted average Fl-score of 0.9522, outperforming
CrossViT (94.82%) and Swin Transformer (93.83%,). DeiT was the most accurate with 95.22%,
and Swin Transformer and CrossViT clocked 93.83% and 94.82%, respectively. The optimal
model was integrated into an interactive web-based interface built with Streamlit,
demonstrating single-image inference latency of ~38 ms on GPU and ~142 ms on CPU. These
findings confirm that Vision Transformers provide a highly accurate and scalable decision-
support mechanism for automated cervical cancer screening. The work in the future will
include expanding the pool of images in the dataset with a variety of cervical images, resolving
class imbalance by employing methods such as GAN-based augmentation, and using hybrid
architectures to improve results. Additional confirmation on other sample databases will also
be required to ascertain the robustness of the system in real world solutions.
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1. Introduction

According to the World Health Organization (WHO), cervical cancer is the fourth most
common cancer among women globally, with an estimated 604,000 new cases and 342,000
deaths in 2020 (Alquran et al., 2022). Cancer is characterized by abnormal, uncontrolled cell
proliferation due to genetic and epigenetic changes that regulate cell growth, differentiation,
and cell death (Dasari et al., 2015). Cervical cancer can be classified into three main classes.
Those three main classes are further classified into five cell types. The first class that has been
categorized is known as the normal class. In this class, there are two types of cells which are
Superficial Intermediate Cells and Parabasal Cells. For the second class, we have Benign class.
The benign class has only one type of cell which is Metaplastic cells. The last class that occurs
in cervical cancer cell classification is the Abnormal class which consists of two types of cells
which are Dyskeratotic cells and Koilocytotic Cells.

Traditional screening relies on cytopathological evaluation of Papanicolaou (Pap)
smears or liquid-based cytology (LBC) slides under optical microscopes. However, manual
microscopic examination is labor-intensive, time-consuming, and susceptible to diagnostic
variance stemming from observer fatigue. The difficulties encountered by the process of
manual screening are accompanied by the scalability problems and diagnostic errors. According
to Khowaja et al. (2024), the complications of cervical cancer and its treatments vary based on
the disease stage and treatment type. Pap smears and biopsies often need to be collected,
analysed and validated by several professionals to minimize false negatives which adds
workload and fatigue-related errors (K & B, 2024). According to Hong et al. (2024),
Approximately 90% of cervical cancer deaths occur in low and middle-income countries
(LMICs), underscoring the pressing need for improved access to effective diagnostic and
treatment options in these regions.

Machine learning has been successfully applied to various medical diagnostic
applications, such as the early prediction of heart failure using structured clinical datasets
(Mansur Huang et al., 2021). While Convolutional Neural Networks (CNNs) have historically
dominated medical image classification, their localized convolutional kernels inherently limit
their capacity to model long-range spatial relationships, such as global context and nucleus-to-
cytoplasm area ratios across an entire cytological cell image. In contrast, Vision Transformers
(ViTs) utilize self-attention mechanisms to capture global dependencies across image patch
sequences, offering superior representational flexibility.

To evaluate the efficacy of Vision Transformer (ViT) architecture for cervical cytology
image classification, this study investigates three distinct transformer paradigms. The Data-
efficient Image Transformer (DeiT) employs a teacher—student distillation mechanism to
improve learning efficiency when training data are moderately sized, as is common in medical
imaging. The Swin Transformer adopts a hierarchical feature-learning approach using shifted
local attention windows that can enable efficient computation while capturing multi-scale
image representations. Meanwhile, the Cross Visual Transformer (CrossViT) uses dual-branch
encoders and cross-attention to integrate fine-grained local cellular characteristics with broader
contextual patterns, which may be valuable for identifying subtle cytological abnormalities.

The main objectives of this research are to fine-tune and apply Vision Transformer
variants (DeiT, Swin Transformer, and CrossViT) for 5-class cervical cell classification using
the SIPaKMeD dataset and to evaluate and compare the classification accuracy, precision,
recall, F1-score, and inference latency of the deployed ViT models.
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2. Literature review

2.1 Cervical Cancer

Cervical cancer mainly occasioned by the persistence infection through high-risk Human
Papillomavirus (HPV) such as HPV-16 and HPV-18 has remained a leading cause of death
among women across the world (Dasari et al., 2015; Ferri, 2025). Although liquid-based
cytology techniques (LBC) such as Pap smears, have long been utilized as methods of
diagnosis, they have a few drawbacks, i.e., low sensitivity, high false-negative rates, and require
the assistance of expert cytopathologists (Park, 2008; Swanson & Pantanowitz, 2024). This
dependency on human knowledge means that it is difficult to screen at scale and at speed
especially in low-resource environments where specialists are not easily accessible (Hong et
al., 2024).

The Herlev, SIPaKMeD, and liquid-based cytology (LBC) datasets are widely used as
freely available benchmarks for standardizing cervical cytology studies and advancing
automated detection methods (Plissiti et al., 2018). Among these, the SIPaKMeD dataset is
particularly suitable for this study because it provides a relatively balanced distribution of
normal, benign, and abnormal cervical cell images, enabling direct multi-class classification. It
consists of standardized, cropped single-cell images representing five morphological
categories: (1) superficial-intermediate cells, which are normal mature squamous cells with
abundant cytoplasm and small pyknotic nuclei; (2) parabasal cells, which are normal immature
rounded cells with relatively high nuclear-to-cytoplasmic ratios; (3) metaplastic cells, which
indicate benign inflammatory or reactive changes; (4) koilocytotic cells, which exhibit HPV-
induced cytopathic changes; and (5) dyskeratotic cells, which display pathological
keratinization and pleomorphic nuclei.

2.2 Vision Transformer (ViT)

Dosovitskiy et al. (2021) extended the Transformer architecture originally proposed for Natural
Language Processing by Vaswani ef al. (2017) and adapted it for image recognition through
the development of Vision Transformers (ViTs). Convolutional Neural Networks (CNNs) have
long served as the dominant framework for medical image classification, including tasks such
as chest X-ray analysis, where they demonstrate high accuracy in extracting local spatial
features (Rahmat et al., 2019). However, CNNs are often limited in capturing global contextual
relationships within images. Vision Transformers overcome this limitation by employing a self-
attention mechanism capable of modelling long-range dependencies across the entire image. In
ViTs, an image is divided into smaller patches, allowing the model to reason globally about
spatial relationships. This global attention capability, coupled with fewer inductive biases,
enables Vision Transformers to outperform CNNs in various image classification benchmarks
(Bao et al., 2023). Figure 1 illustrates the architecture of the Vision Transformer.
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Figure 1. Vision Transformer Architecture
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2.2.1 Image Preprocessing

The preprocessing of cytology samples improves the quality of an image prior to classification.
Additional enhancements include denoising, deblurring or super-resolution of images, which
lead directly to better classifier accuracy (Chen et al., 2021). Clean input data allows ViTs to
be able to properly map image patches to representative feature tokens.

2.2.2 Image Feature Extraction

As opposed to CNNs, ViTs are not designed to learn features in a hierarchical manner. Instead,
they are designed to incorporate global relationships via self-attention. ViTs flatten images into
vectors where patches are made like fixed-length representation and placed in two-dimensional
vectors, and a special class of positional encodings is embedded to capture dependencies across
an entire image (Ali et al., 2023). The capacity to focus on local and distant features is what
makes them fit into medical tasks, which are complex in nature.

2.2.3 Classifier Design

ViT architecture is composed of stacked Transformer encoder layers that consist of multi-head
self-attention and feed-forward sublayers, which are followed by the Multi-Layer Perceptron
(MLP) head to make all the classifications (Dosovitskiy et al., 2021). Residual connectivity and
normalization (Vaswani et al., 2017) further stabilize training and make effective scaling to
larger datasets a reality.

2.3 Vision Transformer Variants

2.3.1 Data-efficient Image Transformer (DeiT)

Touvron et al. (2021) introduce the Data-efficient Image Transformer (DeiT) that minimizes
the number of training datasets used by ViTs by adding a distillation token during the training
process. This facilitates knowledge distillation against a teacher network and, therefore, DeiT
is easier to apply in medical fields with restricted availability of labels. Figure 2 shows the DeiT
Architecture (Distillation procedure).
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Figure 2. DeiT Architecture (Distillation Procedure)

2.3.2 Swin Transformer

Liu et al. (2021) proposed the Swin Transformer that tackles the problem by incorporating
hierarchical representations in the form of shifted windows that enables local and global feature
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extraction at a lower computational cost. Its linear scaling complements it well to high-
resolution medical image and dense prediction domains like segmentation. Figure 3 shows the
Swin Transformer Architecture.
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Figure 3. Swin Transformer Architecture

2.3.3 Cross Visual Transformer (CrossViT)

CrossViT, proposed by Chen et al. (2021), utilizes a cross-scale attention mechanism through
which it uses both large and small patches together. This enables the model to discover more
local detail patterns and simultaneously pick up higher-level contextual information to better
distinguish classification in heterogeneous medical data. Figure 4 shows the CrossViT
Architecture.
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Figure 4. CrossViT Architecture

In this research, the approach of Vision Transformer to classify cervical cancer was
used because it is efficient in capturing the global dependencies, scalable in larger databases,
and versatile as opposed to CNN (Bao et al., 2023; Dosovitskiy et al., 2021). Its derivatives
include DeiT which focuses on data efficiency, Swin which achieves better scalability, and
CrossViT which has better scale feature representation. ViT was used because of its balance of
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accuracy and simplicity as well as its baseline nature where other transformer-based models
can be compared.

3. Research Methodology

3.1 Research Framework & Dataset Distribution

The methodology follows a structured Machine Learning Life Cycle (MLLC) integrated with
automated preprocessing, model fine-tuning, and client-side web deployment (Figure 5). This
research utilizes the benchmark SIPaKMeD dataset comprising 4,686 high-resolution single-
cell cytology images. The dataset was systematically cleaned to verify image integrity and filter
non-conforming file extensions. The data was divided into stratified subsets: 70% Training
(3,279 images), 20% Validation (903 images), and 10% Testing (1,507 evaluation samples
evaluated across cross-validation runs). Table 1 details the dataset distribution across clinical
categories and experimental splits.
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Figure 5. Overview of the Machine Learning Research Pipeline
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Table 1. SIPaKMeD Dataset

Clinical Cell Class Name Original Train Split Validation Test Split
Category Image Count (70%) Split (20%) (10%)
Abnormal | Dyskeratotic
(im_Dyskeratotic) 1,036 723 207 311
Abnormal | Koilocytotic ~ 1,063 744 213 319
(im_Koilocytotic)
Benign Metaplastic
(im_Metaplastic) 1,064 744 213 320
Normal | Parabasal 895 626 179 269
(im_Parabasal)
Normal Superficial-
Intermediate 957 670 191 288
(im_Superficial)
Total All 5 Classes 4,686 3,279 903 1,507

3.2 Preprocessing, Augmentation, and Imbalance Handling

The SIPaKMeD data was downloaded in publicly available sources and contains five folders
classified according to the classes. The images in each folder refer to a specific type of cervical
cell: Dyskeratotic (1,036 images), Koilocytotic (1,063 images), Metaplastic (1,064 images),
Parabasal (895 images) and Superficial-Intermediate (957 images). The files that were not
images were eliminated to make images consistent and only intended formats (.png, .jpg, .jpeg,
and .bmp) were left. The processed image was stored in a new directory structure that had new
subfolders based on each class. Python script was used to automate the preprocessing as the
pipeline consisted of three main steps normalization, splitting the data, and preparation into
training. Images were all resized uniformly and saved in a special directory of processed
images. Then, the data was separated into training 70%, validation 20% and testing 10%. To
promote the possibility of both fairness and reproducibility, random shuffling of the images
was carried out before splitting them and the resulting subsets were stored in different
directories with class-specific subfolders. This pipeline made it possible to have the SIPaKMeD
dataset consistently normalized, structured and ensures that they are ready to be trained,
validated and tested.

All input images were resized to standard input resolutions (224 x 224 pixels for DeiT
and Swin Transformer; 240 x 240 pixels for CrossViT) using OpenCV bilinear interpolation
(cv2.INTER_AREA) and normalized using ImageNet channel mean (u=[0.485, 0.456, 0.406])
and standard deviation (¢ =[0.229, 0.224, 0.225]).

To reduce overfitting and address class imbalance, this study employed a two-pronged
training strategy. First, online data augmentation was applied using the Albumentations library
to increase visual diversity during training. The augmentation pipeline included
RandomResizedCrop with a scale range of 0.8—1.0, HorizontalFlip (p = 0.5), VerticalFlip (p =
0.5), RandomBrightnessContrast (p = 0.7), and GaussNoise (p = 0.3). Second, dynamic class
balancing was implemented using PyTorch’s WeightedRandomSampler. Although data
augmentation generates varied image representations, it does not change the class distribution
within mini batches during stochastic gradient descent. Therefore, each image was assigned a
sampling weight inversely proportional to the frequency of its class as depicted in Equation (1)

W= (1)

nc
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where n. denotes the total number of images in class ¢. The sampler then selected images with
replacement according to these weights, that increase the likelihood of minority-class samples
and reduce learning bias towards majority classes during model training.

3.3 Experimental Setup & Hyperparameter Transparency

In this research, three different Vision Transformer architectures with different efficiencies
were implemented and all models are being finetuned: Data-efficient Image Transformer
(DeiT), Swin Transformer, and CrossViT. All models were pretrained on ImageNet and
finetuned with customized classification heads to predict across the five different classes of
SIPaKMeD cervical cell types. All models were trained through the same preprocessing
pipeline (images were resized to 224 x 224 or 240 x 240 pixels according to the model and
normalized and divided into training / validation / testing).

Data-efficient Image Transformer (DeiT) proposes a new distillation-based training
regime that improves efficiency with respect to small datasets by involving label supervision
and teacher-to-student knowledge transfer through distillation as well. The images are
segmented into fixed patches of size 16 x 16, which are encoded and fed to a Transformer
encoder. DeiT also uses a class token and a distillation token, allowing it to leverage soft-label
knowledge available through a teacher network. In this experiment, the model that has been
used is "deit_base distilled patch16 224". DeiT was fine-tuned on deterministic weights using
a custom classification head consisting of Layer Normalization, dropout regularization, GELU
activation, and fully connected layers projecting to five output classes. This setup frequently
converged on the medium-sized SIPaKMeD dataset.

The Swin Transformer proposes a shifted window-based attention mechanism that
iterates through images in a top-down manner. Swin replaces this global self-attention with
local self-attention scaled up within non-overlapping windows, followed by sliding them in the
arbitrary direction to capture inter-window dependencies. This notably decreases the cost of
computation, although maintaining a high degree of representational power. The hierarchical
structure enables the extraction of multiple scale features which is particularly helpful in
cytology images of different cellular morphologies. To carry out this task, the
"swin_base patch4 window7 224" model in PyTorch was first pretrained and then configured
with a user-defined head, which includes a normalization, dropout, and linear layer block to
map the features into a 5-class logit. It used regularization methods like stochastic depth to
enhance generalization.

Cross Visual Transformer (CrossViT) is an extension of ViT, which integrates multi-
scale patch embedding. It uses dual-branch encoders where one of them would act on the
smaller patch size to capture fine-grained information and the other branch would work on
bigger patch sizes to capture global contextual trends. A cross-attention mechanism allows
fusing features in these branches, making the model more robust in distinguishing subtle
morphological variability among the classes of cervical cells. In this implementation, the
"crossvit 9 240” model (240x 240 input) was used, which was initialized with ImageNet-
pretrained weights, followed by a five-class classification head used to fine-tune the model.
The two-arm strategy allowed CrossViT to learn local textures and the overall cell structures
particularly effectively.

All models were implemented in PyTorch using the timm (PyTorch Image Models)
library and executed on an Acer Nitro 5 environment equipped with a 12th Gen Intel Core i5-
12500H CPU, 12GB RAM, and an NVIDIA GPU with Automatic Mixed Precision
(torch.cuda.amp) enabled. To ensure complete experimental reproducibility, the
hyperparameter configuration applied across all model training loops is detailed in Table 2.
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Table 2. Hyperparameter Configuration

Hyperparameter Parameter

Configuration / Value

Max Training Epochs 50 epochs

Early Stopping Patience 10 epochs (monitoring Validation Loss)
Mini-Batch Size 16

Optimizer AdamW

Weight Decay 0.05

Initial Learning Rate Swin: 5 x 10

DeiT & CrossViT: 1 x 1073

Learning Rate Scheduler

OneCycleLR (Linear annealing, pct start

final div_factor = 10000)

0.1, div_factor =

25,

Loss Criterion

Cross-Entropy Loss with Label Smoothing (0.1)

Classifier head Regularization

LayerNorm + Dropout (p = 0.1) + GELU + Linear (1024)

Input Image Dimensions

DeiT & Swin: 224 x 224 x 3
CrossViT: 240 x 240

3.4 System Architecture

The architecture of the web application is shown in Figure 6. The system begins at the user
interface. At the user interface, users could upload images of cervical cells and select among
the three Vision Transformer models available which are DeiT, Swin Transformer, or CrossViT
to perform image classification. After an image is uploaded, it is sent to a preprocessing
component where it is normalized, resized, and converted to the specific input form that a

selected model is expecting.

Training Process

Class
Dyskeratotic
Koilocytotic
Parabasal
Metaplastic
Superficial-
Intermidiate

Vision Tranformer's Model

User Interface

Query
-
DeiT
Results [

Multi-Head
_Attgntion__

Image

Embedded Paiches

—~
"~

Preprocessing

Dataset

Figure 6. System Architecture of Cervical Cancer Classification

Following preprocessing, the image is divided into fixed-sized patches and passed into
the embedding layer of the selected Vision Transformer model. Both models share a consistent
architectural pipeline consisting of Layer Normalization, Multi-Head Self-Attention, residual
connections (via addition layers), and Multi-Layer Perceptron (MLPs), which learned the deep
visual representations from the input image. The three models varied structurally:
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e DeiT employs fixed patch embeddings as well as global self-attention, achieving good
performance on low-scale datasets.

e Swin Transformer employed a hierarchical framework with shifted windowing,
allowing the model to extract both local and global context with reduced computational
cost.

e CrossViT combined multi-scale patch tokens based on a cross-attention mechanism,
enabling the model to integrate both fine- and coarse-grained features simultaneously.

The processed feature representations are passed to a classification head MLP, resulting
in the output prediction. The model predicted the image to be among the five pre-defined
cervical cell classes: Superficial-Intermediate, Parabasal, Metaplastic, Koilocytotic, or
Dyskeratotic. This mature architecture exhibits a modular and scalable structure that allows the
system to support multiple transformer variants without altering the core pipeline. Separating
preprocessing, model selection, and classification output, the system facilitated flexibility,
maintainability, and readiness for future upgrades.

3.5 Web Application Deployment (Streamlit)

The trained models were deployed via a web-based interface built in Streamlit to enable real-
time usability and make them accessible to all. The interface has a modded structure with
dedicated pages of home, classifier, usage tips and a project description. The Streamlit
application implements input validation by filtering non-image file formats and checking
MIME types (.png, .jpg, .jpeg, .bmp) along with image resolution and color channel checks.
The inference is automatically performed by model loading, image preprocessing, and
inference. After uploading, the images are pre-processed by scaling to the target input
resolution (224 x 224 or 240 x 240 depending on the model), conversion to tensors, and
normalization. The model weights are cached to avoid overheads associated with reloading and
the prediction is done using the evaluation mode to obtain stable results. The system will then
give the output as the implied class label, as well as a confidence distribution over the five
cervical cell classes. The results are simultaneously represented in text form and graphically by
a horizontal bar graph for ease of interpretation of the probabilities. Additional design criteria
include additional feedback mechanisms (success, error messages etc) to enhance robustness
and user experience. This deployment illustrates how Vision Transformer models can be
embedded into a diagnostic support tool that the clinician or researcher can use without the
need to program. Figure 7,8 and 9 shows the interface of the research.

A CLASSIFICATION SYSTEM

to detect types of cervical cancer cells

Figure 7. Main Page
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Insert Your Cervical Cancer Image

co

Figure 9. Result Page

4. Results and Discussion

4.1 Swin Transformer

The Swin Transformer (swin_base patch4 window?7_224) achieved an overall accuracy of
93.83% and a weighted average F1-score of 0.9375 on the test dataset. Table 3 displays the

detailed class-wise metrics.

Table 3: Classification Performance of Swin Transformer Model

Class Index Cell Class Name Precision | Recall | F1-Score | Support
0 Dyskeratotic 0.9074 0.9453 | 0.9260 311
1 Koilocytotic 0.9388 0.8182 | 0.8744 319
2 Metaplastic 0.8940 0.9750 | 0.9327 320
3 Parabasal 1.0000 0.9703 | 0.9849 269
4 Superficial-Intermediate | 0.9695 0.9931 | 0.9811 288
Macro Avg Unweighted Mean 0.9419 0.9404 | 0.9398 1,507
Weighted Avg Sample Weighted Mean | 0.9396 0.9383 | 0.9375 1,507
Overall Accuracy | 93.83% 1,507

As shown in Table 3, Swin Transformer achieved perfect precision (1.0000) for
Parabasal cells and high recall (0.9931) for Superficial-Intermediate cells. However, recall for
Koilocytotic cells was lower (0.8182), as 30 koilocytotic samples were misclassified as
Metaplastic and 23 as Dyskeratotic due to overlapping nuclear halo boundaries. This can be

further backed by the training and validation graphs as indicated in Figure 10.
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Figure 10. The Graphs of Training and Validation Accuracy (Left) and Losses (Right)

The graph on left is the graph of training accuracy and validation accuracy. It displays
a general trend of the increase with 30 epochs due to its early stop of 50 epochs. First, the
validation accuracy is getting increased at a faster rate than the training accuracy thus there is
good generalization. An epoch of 10 is where the two curves start coming toward each other,
and now the validation accuracy becomes constant at approximately between 0.93 and 0.95.
The model does not demonstrate major declines and variability, which indicates that it is
learning successfully and generalizing well on the upcoming information. The curves
increasing steadily and coming closer virtually prove that the model does not overfit and is
strong in its classification performance. As for the loss graph for both train loss and validation
loss, indicate a significant reduction during the early epochs, particularly in the first five, where
the model quickly learns core features. Training loss continues to decline gradually and
stabilizes around 0.6, while the validation loss follows a similar pattern with slight fluctuations.
These small oscillations in validation loss are normal and expected in deep learning training.
The lack of sudden spikes or divergence between the two curves shows that the model maintains
a stable learning rate and avoids overfitting. The overall decline in both losses confirms the
model's effective optimization throughout the training process.

The model’s performance in classifying each class can also being shown by using
confusion matrix in Figure 11.

Swin Confusion Matrix

13 4

0

True label

r 100

o~
Predicted label

Figure 11. Confusion Matrix of Swin Transformer Model
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In general, the Swin Transformer model demonstrates good classification stability, the most
predictions are in the right place in the confusion matrix along the diagonal. This justifies its
very high accuracy of 93.83%.

In case of Dyskeratotic cells (Class 0), 294 samples out of 311 were accurately
predicted using the model. The under-represented categories were 13 cells of Koilocytotic, 4
cells of Metaplastic, and none in any other category. This implies a high probability of true
detection with minimal confusion.

In the case of the Koilocytotic cells (Class 1), 261 samples were accurately identified
by the model out of 319 samples. The total number of misclassified samples was 30 cells as
Metaplastic and 23 cells as Dyskeratotic with a significant overlap with visually similar
abnormal classes.

In the case of Metaplastic cells (Class 2), 312 of 320 were correctly forecasted. Some
were incorrectly dictated as Dyskeratotic (1 cells), Koilocytotic (3 cells), and Superficial-
Intermediate (4 cells), pointing to a relatively high degree of success in detection.

In the case of Parabasal cells (Class 3) the model predicted 261 correct out of 269.
Misclassifications were very minimal with 6 cells being misclassified into Dyskeratotic, and
one each into Koilocytotic and Metaplastic.

In case of Superficial-Intermediate cells (Class 4), 286 of 288 samples were correctly
classified. 2 cells were misclassified as Metaplastic, which indicates a very accurate
classification of normal cells.

4.2 Data-efficient Image Transformer (DeiT)

The DeiT model (deit base distilled patch16 224) achieved the highest overall performance,
reaching an accuracy of 95.22% and a weighted average F1-score of 0.9522. Table 4 details the
classification report for DeiT.

Table 4: Classification Performance of DeiT Model

Class Index Cell Class Name Precision | Recall | F1-Score | Support
0 Dyskeratotic 0.9304 0.9453 | 0.9378 311
1 Koilocytotic 0.9206 0.9091 | 0.9148 319
2 Metaplastic 0.9528 0.9469 | 0.9498 320
3 Parabasal 0.9851 0.9851 | 0.9851 269
4 Superficial-Intermediate | 0.9792 0.9826 | 0.9809 288
Macro Avg Unweighted Mean 0.9536 0.9538 | 0.9537 1,507
Weighted Avg Sample Weighted Mean | 0.9522 0.9522 | 0.9522 1,507
Overall Accuracy | 95.22% 1,507

DeiT demonstrated improved balance across all classes. Notably, Koilocytotic recall
increased to 0.9091 (Fl-score 0.9148), representing a 9.09% improvement over Swin
Transformer. Precision for Metaplastic cells reached 0.9528, demonstrating effective
discrimination between normal and benign cellular variations. This can be further backed by
the training and validation graphs as indicated in Figure 12.
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Figure 12. The Graphs of Training and Validation Accuracy (Left) and Losses (Right)

In the DeiT model, both training accuracy and validation accuracy graphs are observed
to be rising steadily over 50 iterations. There is an initial low performance, but the accuracy
increases continuously, particularly beyond 10 epochs in the model. After epoch 30, the
accuracy of validation remains around 95 percent, whereas the training accuracy keeps
increasing, ultimately reaching 77 or nearly reaching 99 percent. It means that the model learns
effectively and generalizes well, although the fact that the accuracy on training and validation
data is slightly different means that some overfitting occurs in later stages. Meanwhile, both the
train loss and validation loss curves exhibit an obvious negative trend where the training loss
continues to drop lower after the first epoch at 0.85 to less than 0.4 by the 50 epoch. The trend
of validation loss is slightly more volatile, but again, will tend to converge towards 0.50 near
the end. Stable learning is depicted by the meeting of both curves and the decrease of the curves.
The greater error of validation loss in the initial stages is expected and represents sensitivity to
the variance of batches that smooths out as the training proceeds. The model’s performance in
classifying each class can also being shown by using confusion matrix in Figure 13.
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Figure 13. Confusion Matrix of DeiT Model

The confusion matrix of DeiT model in general demonstrates the high level of
classification accuracy regarding all five classes of cervical cells where most of the predictions
lie on the diagonal. This judges the overall accuracy of the model to be high (95.22%)).
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In Dyskeratotic cells (Class 0) the model could correctly predict 294 out of 311 cases.
There were only 13 cells misclassified as Koilocytotic and some others as Metaplastic and
Parabasal. This is evidence of great precision and recall, where results are regularly comparative
and similar identifications are recurrent. In relation to Koilocytotic cells (Class 1), using the
model gave 290 correct predictions against 319. Misclassifications had 19 cells being
Dyskeratotic, and 8 cells being Metaplastic. This implies that the Koilocytotic cells might
possess visual similarities with the other abnormal cells with a mild illustration on the
sensitivity.

In the case of Metaplastic cells (Class 2), there was a better classification of 303
samples out of the total 320 samples. Few of them were mixed in Koilocytotic, Parabasal, and
Superficial-Intermediate classes, which means an effective management of slight variances in
benign cells. In Parabasal cells (Class 3) the number of the correctly classified sample was 265
out of 269. A few were misclassified, which portrays a great performance as well as reliability
of these classes. In Superficial-Intermediate cells (Class 4), 283 of 288 cases were accurately
modelled. This is a very high figure of generalization and almost complete identification of
normal cells.

4.3 Cross-Attention Multi-Scale Vision Transformer (CrossViT)

CrossViT (crossvit 9 240) achieved the second-highest accuracy at 94.82%, with a macro
average Fl-score of 0.9499 and the lowest overall validation loss (0.5022). Table 5 presents the
classification performance for CrossViT.

Table 5. Classification Performance of CrossViT Model

Class Index Cell Class Name Precision | Recall | F1-Score | Support
0 Dyskeratotic 0.9379 0.9228 | 0.9303 311
1 Koilocytotic 0.9057 0.9028 | 0.9042 319
2 Metaplastic 0.9439 0.9469 | 0.9454 320
3 Parabasal 0.9851 0.9851 | 0.9851 269
4 Superficial-Intermediate | 0.9761 0.9931 | 0.9845 288
Macro Avg Unweighted Mean 0.9497 0.9501 | 0.9499 1,507
Weighted Avg Sample Weighted Mean | 0.9481 0.9482 | 0.9481 1,507
Overall Accuracy | 94.82% 1,507

CrossViT achieved high performance across both normal classes (Parabasal F1-score
0.9851; Superficial-Intermediate F1-score 0.9845) while maintaining high precision for
Dyskeratotic cells (0.9379). This can be further backed by the training and validation graphs as
indicated in Figure 14.
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Figure 14. The Graphs of Training and Validation Accuracy (Left) and Losses (Right)
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The CrossViT accuracy graph proves that there was no learning degradation during the
50 epochs of learning. The accuracy of training is roughly 73 percent and rises with time to
above 98 percent in the last epoch. The validation accuracy also rises at a similar rate but
reaches a value of about 95, after the epoch 30. Training vs. validation accuracy has a small
spread, which means that there are strong generalizations and little overfitting. The fact that the
model can hold the two composite curves very close to each other means that the model is not
just memorizing the training data but is learning some meaningful patterns. Meanwhile, loss
curves present a decisive downward tendency of both training set and validation set. The
training loss gradually drops, starting with about 0.95 down to less than 0.42 after the 50 epoch.
The loss in validation is again on the same route with some initial oscillations probably because
of change in the performance of the batches but then gradually stabilizing around 0.5. The well
converged training and validation loss further demonstrates that optimization happened stably
and successfully, and there is no evidence of underfitting and overfitting. Such loss dynamics
strengthen the fact of a significant level of accuracy and proves that there is an optimal
adjustment of CrossViT to the problem of cervical cell classification. The model’s performance
in classifying each class can also being shown by using confusion matrix in Figure 15.
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Figure 15. Confusion Matrix of CrossViT Model

In Dyskeratotic cells (Class 0) the model was able to correctly predict 287 and 311 cells
in total. Very few were misdiagnosed as Koilocytotic (17 cells), Metaplastic (6 cells) and
Parabasal (1 cells) and there was clear performance with slight confusions.

In Koilocytotic cells (Class 1), there were correctly identified 288 of 319 samples.
Others were either wrongly classified as Dyskeratotic (17 class), Metaplastic (11 cells) or
Superficial-Intermediate (3 cells) and it means that the class is still to some extent difficult
because of the visual similarities. In the case of the Metaplastic cells (Class 2), the model got
303 correct predictions against 320. None of the misclassifications of this benign, high
precision and recall were associated with Koilocytotic (11 cells), Parabasal (3 cells), and
Superficial-Intermediate (1 cells).

In the case of the Parabasal cells (Class 3), 265 correct classes were predicted in the
269 samples. This class has a very good model performance with only a few being misclassified
as Koilocytotic (1 cells) or Superficial-Intermediate (3 cells). The most populous cell, the
Superficial-Intermediate (Class 4) had 286 of the 288 samples placed correctly. The other two
went erroneously as Koilocytotic (1 cells) and Metaplastic (1 cells), with an extremely high
sensitivity of detecting the remaining normal cells.
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4.4 Discussion

Table 6 provides a comparative summary of all three Vision Transformer models across
validation loss, test accuracy, precision, recall, and F1-score metrics.

Table 6. Overall Performance Comparison Across Vision Transformer Architectures

Model Overall Validation Macro Macro Macro Weighted
Architecture Accuracy Loss Precision Recall F1- F1-Score
(%) Score
Swin
93.83% 0.5903 0.9419 0.9404 0.9398 0.9375
Transformer
DeiT (Distilled) | 95.22% 0.5130 0.9536 0.9538 0.9537 0.9522
CrossViT o
(Multi-Scale) 94.82% 0.5022 0.9497 0.9501 0.9499 0.9481

DeiT achieved the highest accuracy (95.22%). Its distillation effectively incorporates
pre-trained knowledge from a teacher network, compensating for the moderate sample size of
the SIPaKMeD dataset. Global self-attention across standard 16 x 16 patches allows DeiT to
evaluate relationships between nuclear texture and cytoplasmic region across the entire cell.

CrossViT achieved the lowest validation loss (0.5022) and a competitive accuracy of
94.82%. Its dual-branch architecture extracts fine-grained nuclear details via small patches
while capturing cell contours via large patches. The cross-attention module integrates these
representations, improving classification consistency.

Swin Transformer achieved 93.83% accuracy. While shifted local window attention
reduces computational cost, restricting early self-attention to isolated 7 x 7 windows slightly
reduced sensitivity for subtle koilocytotic features.

Training and validation curves indicated that while all models converged stably, mild
overfitting emerged beyond 25-30 epochs, where training accuracy approached ~98-99%
while validation accuracy stabilized around 95%. Early stopping with a patience of 10 epochs
successfully prevented overtraining, saving the optimal model checkpoint based on minimum
validation loss.

When deployed on the Streamlit platform, the end-to-end single-image processing
pipeline includes image preprocessing, model forward propagation, and softmax-based
confidence scoring demonstrated near real-time performance. Using GPU acceleration with an
NVIDIA RTX 3060 and CUDA, all three ViT models processed an image in approximately
35-45 ms, equivalent to around 22-28 frames per second (FPS). In CPU mode using an Intel
Core i5-12500H processor, processing required approximately 120-180 ms per image,
corresponding to 5.5-8.3 FPS. These empirical latency results indicate that the proposed system
can provide responsive interactive decision support for web-based clinical use.

5. Conclusion and Future Work

This research demonstrated the application of Vision Transformers for automated cervical
cancer cytology image classification on the SIPaKMeD dataset. By fine-tuning three ViT
paradigms, the models achieved classification accuracies exceeding 93.8%. The Data-efficient
Image Transformer (DeiT) delivered the highest overall accuracy (95.22%) and weighted F1-
score (0.9522), successfully resolving visual ambiguities between dyskeratotic, koilocytotic,
and metaplastic cells. Deployment via a Streamlit web application demonstrated rapid single-
cell classification with an inference latency of ~38 ms on GPU, supporting real-time interactive
decision support.

The comparative evaluation of the three Vision Transformer variants in this study
resonates with numerical modeling efforts in oncology, where different computational
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approaches are analyzed for stability and accuracy in modeling cancer progression (Iyanda et
al., 2021). These findings confirm the promise of Transformer-based methods to outperform
more traditional CNN models when applied to medical image classification, notably in learning
global and local dependencies in cytology samples.

Although encouraging findings were obtained, certain weaknesses are noted in this
work. The SIPaKMeD dataset, although widely used, is rather small and homogeneous and may
thus limit the applicability of the models to real-life clinical settings. Besides, the class
imbalance, especially in minority groups like koilocytotic cells, is still a problem which is likely
to affect sensitivity and leads to more likely misclassification risk. Vision Transformers also
have high computation demands, which constrains their scalability in resource-limited
environments.

To extend these findings, future work should focus on rigorous benchmarking, model
optimization, and deployment safety. First, incorporating standard CNN baselines (e.g.,
ResNet-50, EfficientNet-B0) on the identical SIPaKMeD split alongside 5- or 10-fold cross-
validation will establish robust empirical comparisons and statistical confidence intervals.
Second, to mitigate the training-validation gap observed past 25 epochs, future iterations should
explore advanced data regularizations (e.g., Mixup, CutMix) paired with Cosine Annealing
learning rate schedules. Finally, to enhance real-world generalization, future studies should
evaluate performance on multi-center clinical datasets (e.g., Herlev, LBC), leverage GAN-
based synthetic data generation for rare cell pathologies and integrate energy-based out-of-
distribution detection modules to flag non-cervical images prior to inference.
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