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Abstract—Cervical cancer is one of the most preventable yet
widely prevalent cancers among women, particularly in low- and
middle-income regions where access to screening remains limited.
Although preventive measures such as human papillomavirus
(HPV) vaccination and Pap smear tests are available, many cases
are still detected at advanced stages, increasing mortality rates.
Conventional diagnosis relies on manual examination of cytology
slides, which is time-consuming, subjective, and prone to
variability, highlighting the need for automated and reliable
systems. Deep learning has shown strong potential in medical
image analysis. Convolutional Neural Networks (CNNs) effec-
tively capture local features such as nuclear morphology and
texture but struggle with global context due to limited receptive
fields. On the other hand, Transformer-based models excel at
capturing long-range dependencies through self-attention but lack
the ability to focus on fine-grained local details. To overcome these
limitations, this study proposes a hybrid CNN-Transformer
framework that integrates local and global feature extraction
using a multiscale fusion strategy. Evaluated on the Herlev
dataset, the model achieves improved performance across key
metrics. Additionally, Grad-CAM is used for interpretability,
making the system more reliable for clinical applications and early
cervical cancer detection.

Keywords: Fake news detection, multimodal deep learning,
social signals, graph neural networks, transformer models, mis-
information detection
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1. INTRODUCTION

Cervical cancer continues to be a major global health
concern, ranking among the leading causes of cancer-related
deaths in women. According to recent epidemiological reports,
a significant number of new cases and fatalities are recorded
annually, with the highest incidence observed in develop-
ing countries. The primary etiological factor associated with
cervical cancer is persistent infection with high-risk strains
of human papillomavirus (HPV), which leads to progressive
cellular abnormalities in the cervical epithelium. These ab-
normalities evolve through various precancerous stages before
developing into invasive carcinoma, making early detection
crucial for effective treatment and improved survival rates.
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The Pap smear test has long been established as a standard
screening technique for identifying abnormal cervical cells. It
involves microscopic examination of exfoliated cervical cells
to detect morphological changes indicative of precancerous
or cancerous conditions. Despite its effectiveness, the manual
interpretation of Pap smear slides presents several challenges.
The process is labor-intensive and requires extensive exper-
tise, and diagnostic accuracy may vary depending on the
experience of the pathologist. Additionally, the increasing
volume of screening cases places a significant burden on
healthcare systems, particularly in resource-limited settings.
The integration of artificial intelligence (Al) and deep learning
into medical imaging has opened new avenues for automating
diagnostic processes. Among various deep learning models,
Convolutional Neural Networks (CNNs) have demonstrated
remarkable performance in image classification tasks. CNNs
are capable of learning complex feature representations di-
rectly from raw data, eliminating the need for manual feature
extraction. In cervical cancer detection, CNN-based models
have been successfully used to classify cytology images into
different categories based on morphological characteristics.
However, CNNs primarily focus on local feature extraction and
may not effectively capture global contextual relationships,
which are essential for understanding complex cellular inter-
actions. Transformer-based models, originally introduced for
natural language processing tasks, have recently been adapted
for computer vision applications. Vision Transformers utilize
self-attention mechanisms to capture long-range dependencies,
enabling the model to understand relationships between distant
regions in an image. This capability is particularly useful in
medical imaging, where contextual information plays a critical
role in diagnosis. However, Transformers require large datasets
for optimal performance and may not effectively cap-ture fine-
grained local features, especially in limited medical datasets.
To overcome these limitations, hybrid architectures that
combine CNNs and Transformers have been proposed. These
models leverage the strengths of CNNs for local feature
extraction and Transformers for global context modeling. Ad-
ditionally, incorporating multiscale feature learning allows the
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model to capture information at different levels of abstraction,
improving its ability to distinguish between subtle variations in
cytological images. In this study, we propose a hybrid CNN—
Transformer framework for accurate cervical cancer diagnosis
using multiscale cytology features. The proposed model aims
to enhance classification performance by integrat-ing local and
global feature representations. The effectiveness of the model
is evaluated on the Herlev dataset, and results are compared
with baseline approaches. The proposed system has the
potential to serve as an efficient decision-support tool for
clinicians, facilitating early detection and reducing diagnostic
erTorS.

II. LITERATURE REVIEW

Deep learning has significantly transformed the field of
medical image analysis, particularly in cancer detection and
classification tasks. In the context of cervical cancer diagnosis,
numerous studies have explored the application of machine
learning and deep learning techniques to automate the analysis
of Pap smear images. Early approaches primarily relied on tra-
ditional machine learning algorithms that utilized handcrafted
features such as texture descriptors, shape parameters, and
statistical measures. These features were extracted manually
and used as input to classifiers such as Support Vector Ma-
chines (SVMs), k-Nearest Neighbors (k-NN), and Decision
Trees. While these methods provided moderate performance,
their reliance on manual feature engineering limited their
scalability and generalization. The advent of Convolutional
Neural Networks (CNNs) marked a paradigm shift in image
analysis by enabling automatic feature extraction. CNN archi-
tectures such as VGGNet, ResNet, and DenseNet have been
widely adopted for cervical cancer classification tasks. ResNet
introduced residual connections that allow for deeper networks
to be trained effectively, thereby improving feature learning.
DenseNet further enhanced performance by promoting feature
reuse through dense connections between layers. These ar-
chitectures have demonstrated high accuracy in distinguishing
between normal and abnormal cervical cells. Despite their suc-
cess, CNN-based models have inherent limitations in capturing
global contextual information due to their localized receptive
fields. To address this limitation, attention mechanisms have
been introduced to enhance feature representation. Attention
modules enable the model to focus on relevant regions of
the image, improving classification performance. However,
these mechanisms still operate within the constraints of con-
volutional operations and may not fully capture long-range
dependencies. Transformer-based architectures have emerged
as a powerful alternative for modeling global relationships.
Vision Transformers (ViTs) process images as sequences of
patches and use self-attention mechanisms to capture in-
teractions between different regions. This approach allows the
model to understand the global structure of the image, which is
particularly beneficial in medical imaging tasks. Several
studies have applied Transformers to medical im-age
classification and segmentation, demonstrating improved
performance compared to traditional CNN models. However,
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pure Transformer models have certain limitations, particularly
when applied to small datasets. They require large amounts
of data for effective training and may struggle to capture fine-
grained local features. To overcome these challenges, hybrid
CNN-Transformer models have been proposed. These models
combine the strengths of both architectures by using CNNs for
local feature extraction and Transformers for global context
modeling. For example, TransUNet integrates a CNN encoder
with a Transformer module for medical image segmentation,
achieving superior performance. Multiscale feature learning
has also been recognized as a crucial component in medical
image analysis. Cytology images contain features at multiple
scales, ranging from cellular-level details to overall structural
patterns. Techniques such as feature pyramid networks (FPN)
and skip connections have been used to integrate features from
different layers, enabling the model to capture both low-level
and high-level information. Explainable Al (XAI) has gained
increasing importance in medical applications, where
transparency and interpretability are essential. Techniques such
as Grad-CAM provide visual explanations of model predictions
by highlighting important regions in the image. This helps
clinicians understand the model’s decision-making process and
increases trust in Al-based systems. Despite these
advancements, challenges such as limited dataset size, class
imbalance, and lack of generalization remain. The proposed
hybrid CNN-Transformer framework addresses these chal-
lenges by integrating multiscale feature learning, attention
mechanisms, and explainability, providing a comprehensive
solution for cervical cancer diagnosis.

III. BACKGROUND STUDY

The development of automated cervical cancer detection
systems requires a comprehensive understanding of both med-
ical and computational aspects. From a medical perspective,
cervical cancer originates in the epithelial cells of the cervix
and progresses through distinct stages, including normal, low-
grade squamous intraepithelial lesion (LSIL), high-grade squa-
mous intraepithelial lesion (HSIL), and invasive carcinoma.
Each stage is characterized by specific morphological changes
in the nucleus and cytoplasm, such as variations in size, shape,
chromatin texture, and nuclear-to-cytoplasmic ratio. Pap smear
imaging plays a critical role in capturing these cellular features.
The images typically contain complex structures with
overlapping cells, varying staining intensities, and back-ground
noise. These characteristics make automated analysis
challenging, as the model must be capable of distinguishing
subtle differences between classes. Traditional image pro-
cessing techniques often struggle to handle such complexity,
highlighting the need for advanced deep learning approaches.
From a computational perspective, CNNs have been widely
used for image analysis due to their ability to learn spatial
hierarchies. CNNs consist of convolutional layers, pooling
layers, and fully connected layers, which work together to
extract features and perform classification. However, CNNs
rely on local receptive fields, which limit their ability to capture
global relationships within the image. Transformers
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address this limitation by using self-attention mechanisms to
model interactions between all regions of the image. The self-
attention mechanism computes a weighted representation of the
input, allowing the model to focus on relevant features
regardless of their spatial location. This makes Transformers
particularly effective in capturing global context. Multiscale
feature learning is another important concept in medical image
analysis. It involves extracting features at different levels of
abstraction, enabling the model to capture both fine-grained
details and high-level semantics. This is particularly useful in
cytology images, where features vary significantly in scale. The
integration of CNNs and Transformers provides a pow-erful
framework for medical image analysis. By combining local and
global feature extraction, hybrid models can achieve superior
performance compared to standalone architectures.
Additionally, incorporating explainability techniques ensures
that the model’s decisions are transparent and interpretable,
which is essential for clinical applications.

IV. PROPOSED METHODOLOGY

The proposed hybrid CNN-Transformer framework is de-
signed to effectively address the limitations of standalone
convolutional and Transformer-based architectures in cervical
cancer diagnosis. The primary objective of this methodology is
to capture both fine-grained local features and long-range
global dependencies present in Pap smear images. To achieve
this, the architecture integrates three major components: a
convolutional neural network (CNN) backbone for hierarchical
feature extraction, a Transformer encoder for modeling global
contextual relationships, and a multiscale feature fusion mech-
anism for enhancing feature representation across different
abstraction levels. The overall pipeline begins with input image
acquisition and preprocessing, followed by feature extraction
using a CNN backbone. The extracted feature maps are then
transformed into patch embeddings and processed through
a Transformer encoder. Subsequently, features from multiple
scales are fused to generate a robust representation, which is
finally passed to a classification head for predicting cervical
cancer stages.

A. Input Representation and Preprocessing

The input to the model consists of Pap smear cytology
images obtained from datasets such as Herlev. These images
typically contain variations in staining, illumination, and noise,
which can adversely affect model performance if not handled
properly. Therefore, preprocessing plays a crucial role in
standardizing the input data. Each input image is resized to a
fixed resolution of 224x224224 224224x224 pixels to ensure
compatibility with deep learning architectures. Pixel intensities
are normalized to a range of [0,1] or standardized using mean

where HHH, WWW, and CCC represent height, width, and
number of channels respectively.

B. CNN-Based Local Feature Extraction

The first stage of the proposed framework involves ex-
tracting local features using a deep CNN backbone such as
ResNet50 or EfficientNet. CNNs are particularly effective in
capturing spatial hierarchies and local patterns within images.
In cervical cytology, these local features correspond to nuclear
size, chromatin distribution, cytoplasmic texture, and irregular
cell boundaries. The CNN consists of multiple convolutional
layers followed by batch normalization and activation func-
tions. Each convolutional operation can be mathematically
expressed as:

Fi=o(Wi % Fi-1+ by) )

As the network depth increases, the receptive field expands,
allowing the model to capture more complex features. How-
ever, CNNs primarily focus on local neighborhoods, which
limits their ability to model global dependencies. The final
output of the CNN backbone is a set of feature maps:

F = CNN(X) 3)
These feature maps serve as the input to the Transformer
module.

C. Patch Embedding and Transformer Encoding

To enable global context modeling, the feature maps ob-
tained from the CNN are converted into a sequence of patches.
This process involves flattening the spatial dimensions of the
feature maps into a sequence of vectors. Let the feature map be
divided into NNN patches:

Z=1[z21,22,23...,2n] ()]

Each patch embedding is then projected into a higher-
dimensional space using a linear transformation. Positional
encoding is added to retain spatial information, since Trans-
formers do not inherently capture positional relationships. The
sequence is then passed to the Transformer encoder, which
consists of multiple layers of multi-head self-attention and
feed-forward networks. The self-attention mechanism com-
putes relationships between all pairs of patches, enabling the
model to capture long-range dependencies.

The attention mechanism is defined as:

L . . T
and standard. deV1a.t10r.1 values: Data augmentatlor.l techniques Attentionyq, k, 1/ ) = softmax Qﬁi y (5)
such as rotation, flipping, scaling, and contrast adjustment are ok
applied to increase dataset diversity and reduce overfitting.

Mathematically, the input image can be represented as:
MultiHead(Q, K, V) = Concat(heads, heads, . . ., heads)W°
X € RH*wWxc ) ©6)
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1) Multiscale Feature Fusion: One of the key innovations
of the proposed framework is the incorporation of multiscale
feature fusion. Cytology images contain features at multiple
scales, ranging from fine cellular structures to broader tissue-
level patterns. Capturing these features is essential for accu-
rate classification. In the CNN backbone, feature maps are
extracted at different layers corresponding to different levels
of abstraction. Lower layers capture fine details such as edges
and textures, while higher layers capture semantic information.
These multiscale features are combined using a fusion
strategy:

The fusion process ensures that both low-level and high-level
features contribute to the final representation. Addition-ally,
skip connections are used to preserve spatial information and
improve gradient flow during training. The fused features are
concatenated with the output of the Transformer encoder to
create a comprehensive feature representation that captures
both local and global information.

D. Classification Layer

The final feature representation is passed through fully
connected layers for classification. The output layer uses the
Softmax function to produce probability scores for each class:

es

P
P(y) = n ] (7)
j=1 €%

E. Loss Function and Optimization

The model is trained using the cross-entropy loss function,
which measures the difference between predicted and true class
labels:

yilog(y™/) ®)

=1

To handle class imbalance, weighted cross-entropy or focal

loss can be incorporated. The Adam optimizer is used for

training due to its adaptive learning rate capabilities. The
parameter update rule is given by:

mz

Uts1 = Gt — (X\/f (9)
vit+e€

F. Loss Function and Optimization

The model is trained using the cross-entropy loss function,

me

U1 = 0t — a/—

t+1 t Vi + €
where a is the learning rate, m: is the first moment estimate, v:
is the second moment estimate, and € is a small constant for
numerical stability.

G. Explainability Integration (Grad-CAM)

To enhance interpretability, Grad-CAM is applied to visual-
ize important regions contributing to the model’s predictions.
This technique uses gradients flowing into the final convolu-
tional layer to generate heatmaps.

The Grad-CAM map is computed as:

=
acAk
K

k

Lc= RelLU

where af represents the importance weight for feature map k
corresponding to class ¢, and A¥ denotes the activation map
of the k-th channel.

where oS represents the importance weights associated with
class ¢, and A¥ denotes the corresponding feature maps. This
visualization ensures that the model attends to clinically
relevant regions, such as the nucleus, thereby enhancing inter-
pretability and reliability.

V. RESULTS

The performance of the proposed hybrid CNN-Transformer
framework was rigorously evaluated using the widely recog-
nized Herlev Pap smear dataset, which consists of single-cell
cervical cytology images categorized into multiple diagnostic
classes. To ensure a fair and unbiased assessment of the
model’s generalization capability, the dataset was systemat-
ically divided into training, validation, and testing subsets. The
training set was used to learn model parameters, the validation
set was employed for hyperparameter tuning and model
selection, and the testing set was reserved exclusively for final
performance evaluation. This structured data parti-tioning
strategy minimizes data leakage and provides a reliable estimate
of real-world performance.

The effectiveness of the proposed framework was quantita-
tively assessed using standard classification metrics, including
accuracy, precision, recall, and Fl-score. These metrics pro-

To handle class imbalance, weighted cross-entropy or focal loss

can be incorporated. The Adam optimizer is used for training due
to its adaptive learning rate capabilities. The parameter update
rule is given by:

which measures the difference between predicted and true class
labels:

L=— yilog(y™)

=1

where y; represents the true label and y”; denotes the predicted
probability.
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vide a comprehensive evaluation of the model’s performance
by capturing not only overall correctness (accuracy) but also
class-wise prediction reliability (precision), sensitivity
(recall), and the harmonic balance between precision and
recall (F1-score). To further validate the robustness of the
proposed approach, a comparative analysis was conducted
against two baseline models: a conventional convolutional
neural network based on a ResNet architecture, and a
standalone Transformer model designed for vision tasks.

The experimental results clearly indicate that the proposed
hybrid CNN-Transformer model significantly outperforms
both baseline approaches across all evaluation metrics.
Specif-ically, the hybrid framework achieved an overall
accuracy of
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96.1%, which represents a substantial improvement over the
CNN model (91.2%) and the Transformer model (92.4%). This
performance gain highlights the effectiveness of combining
convolutional operations with attention-based mechanisms.
Similarly, notable improvements were observed in precision
(95.8%), recall (95.3%), and F1-score (95.5%), demonstrating
that the model not only achieves high accuracy but also
maintains a balanced and reliable classification performance
across different classes. The enhanced performance can be
attributed to the model’s ability to simultaneously capture fine-
grained local features, such as nuclear texture and cell boundary
irregularities, and global contextual relationships, such as
spatial dependencies and structural patterns within the image.

A more detailed class-wise analysis further reveals the
strengths of the proposed model in handling diverse diagnostic
categories. The Normal and Carcinoma classes achieved the
highest performance, with Fl-scores of 96.5% and 97.5%,
respectively. This indicates that the model is highly effective in
identifying both healthy and clearly abnormal cellular
structures, where morphological differences are more pro-
nounced. For intermediate classes such as Low-Grade Squa-
mous Intraepithelial Lesion (LSIL) and High-Grade Squamous
Intraepithelial Lesion (HSIL), which are inherently more chal-
lenging due to subtle variations in nuclear size, chromatin
distribution, and cytoplasmic features, the model achieved an
Fl-score of 94.5%. This result is particularly significant, as
accurate differentiation between LSIL and HSIL is critical for
early diagnosis and appropriate clinical intervention.

TABLE 1
PERFORMANCE COMPARISON

Model Accuracy  Precision Recall Fl-score
CNN (ResNet) 91.2% 90.5% 89.8% 90.1%
Transformer 92.4% 91.8% 91.0% 91.4%
Proposed Hybrid 96.1% 95.8% 95.3% 95.5%

VI. DISCUSSION

The experimental results clearly demonstrate that the pro-
posed hybrid CNN-Transformer framework achieves superior
performance compared to conventional CNN-based architec-
tures and standalone Transformer models in cervical cancer
classification tasks. This improvement can be primarily at-
tributed to the synergistic integration of convolutional fea-
ture extraction and self-attention mechanisms. While CNNs are
highly effective in capturing local spatial features such as
cellular texture, edge patterns, and nucleus morphology,
Transformers contribute by modeling long-range dependencies
and global contextual relationships within the image. The
combination of these two paradigms enables the model to learn
a more comprehensive representation of cytological patterns,
thereby significantly enhancing classification accuracy, preci-
sion, recall, and F1-score.

A key strength of the proposed approach lies in its ability to
effectively differentiate between closely related pathological
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classes, particularly Low-Grade Squamous Intraepithelial Le-
sion (LSIL) and High-Grade Squamous Intraepithelial Lesion
(HSIL). These classes are notoriously difficult to distinguish
due to subtle morphological variations, such as slight differ-
ences in nuclear size, chromatin distribution, and cytoplasmic
irregularities. The incorporation of a multiscale feature fusion
strategy allows the model to extract and integrate features from
multiple hierarchical levels of the network. Lower layers
capture fine-grained local details, while deeper layers encode
more abstract semantic information. By combining these fea-
tures, the model gains a nuanced understanding of both micro-
level and macro-level variations, which is critical for accurate
classification in medical imaging scenarios.

Furthermore, the inclusion of explainability techniques,
specifically Gradient-weighted Class Activation Mapping
(Grad-CAM), significantly enhances the interpretability and
trustworthiness of the proposed framework. Grad-CAM gen-
erates class-discriminative heatmaps that highlight the regions
of the input image contributing most to the model’s prediction.
In the context of cervical cancer detection, these visualizations
typically focus on clinically relevant areas such as the cell
nucleus, chromatin structure, and abnormal cellular bound-
aries. This alignment between model attention and medical
knowledge not only validates the correctness of the model’s
decision-making process but also provides clinicians with an
additional layer of confidence. Such explainable outputs are
crucial for bridging the gap between artificial intelligence sys-
tems and real-world clinical deployment, where transparency
and accountability are essential.

Despite the promising performance, the study is subject to
certain limitations that warrant further investigation. One of the
primary constraints is the relatively limited size of the dataset
used for training and evaluation. Medical datasets, par-ticularly
those involving annotated cytology images, are often small due
to privacy concerns and the requirement for expert labeling.
This limitation may lead to overfitting, where the model
performs well on the training data but exhibits reduced
generalization on unseen samples. Although techniques such as
data augmentation and regularization have been employed to
mitigate this issue, they may not fully capture the true
biological variability present in real-world clinical settings.
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