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Abstract-Cervical cancer is one of the leading causes of cancer-related deaths among women,
particularly in developing countries where access to regular screening facilities is limited. Early
detection of cervical abnormalities is essential for reducing mortality rates and improving treatment
outcomes. However, manual examination of Pap smear images is time-consuming and prone to human
error. This study proposes an automated deep learning-based system for cervical cancer detection and
stage classification using Pap smear images. The proposed framework includes image preprocessing,
segmentation using the U-Net model, and classification using convolutional neural networks such as
VGG19 and ResNet50. The system classifies cervical cell images into five categories: Normal, CIN1,
CINZ2, CIN3, and Cancer. Based on the detected stage, the system can assist in suggesting appropriate
treatment guidance. The model is trained using publicly available Pap smear image datasets such as the
Herlev dataset. Experimental results demonstrate that the proposed approach improves classification
accuracy, reduces diagnosis time, and supports pathologists in making faster and more reliable clinical
decisions.
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I.INTRODUCTION

Cervical cancer is one of the most common
cancers affecting women globally. It is primarily
caused by persistent infection with high-risk
Human Papillomavirus (HPV). Early detection
through screening techniques such as Pap smear
testing can significantly reduce mortality rates.
However, traditional manual analysis of Pap
smear images requires skilled cytologists and is
time-consuming and prone to human error. The
proposed system utilizes image preprocessing,
segmentation using U-Net, and classification
using deep CNN models such as VGG19 and
ResNet50. The system not only detects the
presence of cervical cancer but also classifies its
stage enabling more effective treatment planning.

classification

Cervical cancer develops gradually through
several precancerous stages known as Cervical
Intraepithelial Neoplasia (CIN). These stages
indicate the severity of abnormal cell growth in
the cervix. The stages are commonly categorized
as Normal, CIN1, CIN2, CIN3, and Cancer.
Normal represents healthy cervical cells with no
abnormalities. CIN1 (Mild Dysplasia) indicates
minor abnormal changes in the cervical cells,
which often resolve naturally without treatment.
CIN2 (Moderate Dysplasia) represents moderate
abnormal cell growth and may require medical
treatment to prevent further progression. CIN3
(Severe Dysplasia) is considered a high-risk
precancerous stage where abnormal cells occupy
a larger portion of the cervical tissue and require
immediate medical intervention. If these
abnormal changes continue to develop without
treatment, they may progress to Invasive Cervical
Cancer, where cancerous cells spread deeper into
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cervical tissues and potentially to other parts of
the body.We propose an automated cervical
cancer detection and classification system using
deep learning techniques. The proposed system
utilizes image preprocessing, segmentation using
U-Net, and classification using deep CNN
models such as VGG19 and ResNet50. The
system not only detects the presence of cervical
cancer but also classifies its stage, enabling more
effective treatment planning.
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(i) Cervical Cancer and its stages

They are generally classified into three stages
based on the severity of abnormal cellular growth
in the cervical epithelium. These stages include
CIN1 (mild dysplasia), CIN2 (moderate
dysplasia), and CIN3 (severe dysplasia). In these
stages, abnormal squamous epithelial cells
develop in the cervical lining and represent
precancerous changes that may progress to
invasive cervical cancer if left untreated. Early
detection and appropriate treatment of these
precancerous lesions play a crucial role in
preventing the development of invasive cancer.
Screening programs such as the Pap smear test
have been effective in identifying these abnormal
cellular changes at an early stage. However,
participation in routine cervical cancer screening
varies greatly across different regions of the
world. In developed countries, screening
coverage ranges from approximately 68% to
84%, whereas in many low-income and
developing countries, including several regions of
India, the screening rate remains significantly
lower, often between 2% and 7%. Limited
healthcare infrastructure, lack of awareness, and
shortage of trained cytologists contribute to these
disparities in screening coverage.

Furthermore, this research discusses the potential
application of such automated diagnostic systems
in low-resource healthcare environments, where
access to expert cytologists and high-quality
labeled datasets may be limited. The

development of scalable and efficient Al-based
screening systems could significantly support
early diagnosis in these settings.Overall, this
paper provides a comprehensive overview of
deep learning techniques used in cervical cancer
detection, covering key stages such as image
acquisition, preprocessing, segmentation, feature
extraction, and classification. It also outlines the
major challenges in this research field and
identifies possible directions for future work to
develop more reliable and efficient automated
screening systems.

II.RELATED WORK

This section reviews previous research on deep
learning (DL) techniques used for cervical cancer
detection and classification using Pap smear
images. Several studies have explored different
architectures such as Convolutional Neural
Networks, Mask R-CNN, and Transfer Learning
to improve diagnostic accuracy and reduce
manual workload.

A. Deep Learning Architectures

Deep learning are widely used for medical image
analysis because they can automatically learn
hierarchical features from images. Many
researchers have applied architectures such as
VGGNet, ResNet, and Inception for cervical
cancer detection and classification of cervical cell
images. Studies show that CNN-based systems
can effectively classify cervical cells from Pap
smear images and assist in early detection of
abnormalities. In addition, deep residual learning
networks such as ResNet have been used to
overcome issues like the wvanishing gradient
problem, leading to improved classification
accuracy.

* Mask R-CNN

Mask R-CNN is another deep learning
architecture commonly used for object detection
and instance segmentation. It is particularly
useful for identifying abnormal cervical cells in
Pap smear images.

Several studies demonstrate that Mask R-CNN
provides better segmentation performance
compared to traditional image processing
techniques. Some researchers combined VGG-
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based networks for classification and Mask R-
CNN for segmentation, resulting in improved
detection of abnormal cervical cells.

* Transfer Learning

Transfer learning has been widely applied in
cervical cancer detection to overcome the
challenge of limited medical datasets. Pretrained
models such as VGG, ResNet, and Inception
trained on large datasets can be fine-tuned for
Pap smear image classification. Researchers have
also explored different techniques such as
optimization algorithms, fuzzy reasoning models,
ensemble classifiers, and machine learning
methods to improve classification accuracy. In
addition, studies combining Raman spectroscopy
with machine learning have shown promising
results for early cervical cancer detection.

Other approaches include integrating medical
records and patient data with deep learning
models to enhance prediction accuracy and assist
in clinical decision-making.

B. Challenges and Research Gaps

Although  deep learning methods have
significantly improved cervical cancer detection,
several challenges still remain. Most existing
models are limited by small annotated datasets,
variations in staining methods, and overlapping
cells in Pap smear images, which can affect
segmentation and classification accuracy.Another
major limitation is the lack of interpretability of
deep learning models, which may reduce trust
and adoption in clinical environments.
Furthermore, many systems do not incorporate
patient clinical information or metadata, which
could improve diagnosis.

Future research should focus on semi-supervised
learning, few-shot learning techniques, and
explainable Al models to overcome data
limitations and improve reliability for real-time
clinical applications.

I1l. PROCEDURE TO DETECT
CERVICAL CANCER

This section presents the proposed workflow for
cervical cancer detection using deep learning and
image processing techniques. The overall

framework consists of three major stages: image
acquisition and preprocessing, segmentation with
feature extraction, and classification. These
stages collectively ensure reliable identification
and categorization of cervical cells from Pap
smear images.

A.ImagePreprocessing

After acquisition, preprocessing techniques are
applied to enhance the visual quality of the
images and reduce unwanted artifacts. Operations
such as noise filtering, contrast enhancement,
normalization, and image resizing are performed
to standardize the dataset. These preprocessing
steps help improve feature visibility, minimize
background noise, and prepare the images for
effective segmentation and analysis.

B. Segmentation and Feature Extraction

Segmentation:

Segmentation is a critical step that aims to isolate
the regions of interest (ROIs), particularly the cell
nucleus and cytoplasm, from Pap smear images.
Accurate segmentation allows precise
identification of cellular components necessary
for diagnosis. Traditional image processing
techniques such as thresholding, watershed
algorithms, and edge detection are commonly
employed to delineate these regions effectively.
Proper segmentation facilitates better feature
extraction and improves the accuracy of the
classification stage.

FeatureExtraction:

Following segmentation, discriminative cellular
features are extracted to characterize the
morphology and texture of cervical cells.
Important  features include the nuclear-to-
cytoplasmic (N/C) ratio, cell size, shape, texture
patterns, and intensity variations of both the
nucleus and cytoplasm. These quantitative
descriptors provide valuable information for
distinguishing normal cells from precancerous or
cancerous cells. Feature extraction methods
typically involve statistical analysis,
morphological measurements, and mathematical
descriptors.

C. Classification

The final stage involves classifying cervical cells
into different categories such as normal,
precancerous, or cancerous cells. Deep learning
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models, are widely used for this task because of
their ability to automatically learn hierarchical
feature representations from image data. To
address the challenge of limited medical datasets,
transfer learning techniques are often adopted.
Pre-trained models such as ResNet, Inception, or
MobileNet, originally trained on large-scale
datasets like ImageNet, are fine-tuned using
cervical cytology images. This approach
accelerates model convergence and improves
classification  performance by leveraging
previously learned visual features.

=t Preprocessing

Final Output
Cancer Detection & Stage ldentification

(it) Flow chart of Cervical Cancer Detection and
its output

Table 1: Comparative analysis of Methos in
Cervical Cancer Detection

Ref. No | Author/ Technique Used | Dataset Accuracy | Limitations
Method Used
[1] CNN-based Convolutional Herlev 93% Requires large
Classification | Neural Network | Pap training dataset
for cervical cell Smear and high
classification Dataset computational
power
[2] ResNet-based | Deep Residual Pap 95% Complex
Model Network for Smear architecture and
feature extraction | Images longer training
and classification time
[3] Mask R-CNN [ Detection and Cervical | 94% High memory
segmentation for | Cytology consumption
abnormal Dataset
cervical cells
[4] Transfer Pre-trained Pap 92% Performance
Learning models such as Smear depends on
VGGNet and Dataset dataset quality
Inception
5] U-Net Encoder—decoder | Medical 96% Segmentation
Segmentation | segmentation for | Image errors with
nucleus detection | Dataset overlapping cells
Proposed | U-Net + Preprocessing + | Herlev 97% Needs validation
VGG19 + Segmentation + | Dataset on larger datasets
ResNet50 CNN
Classification

IV. ENHANCING THE CERVICAL
CANCER DETECTION PROCESS

This section presents advanced strategies aimed
at improving the efficiency, reliability, and
accuracy of cervical cancer detection systems.
Early identification of abnormal cervical cells
significantly improves treatment outcomes,
making it essential to optimize each stage of the
automated detection pipeline. The following
techniques  contribute to enhancing the
performance of deep learning-based cervical
cancer detection systems.

A. Image Preprocessing Techniques

Image preprocessing plays a crucial role in
improving the quality and consistency of cervical
cytology images obtained from Pap smear slides.
Variations in staining procedures, illumination
conditions, and imaging devices often introduce
inconsistencies that can negatively affect model
performance. Therefore, preprocessing
techniques are applied to standardize and enhance
image quality before further analysis. Common
preprocessing methods include stain
normalization, contrast enhancement, and noise
reduction. Stain normalization reduces color
variability introduced during laboratory staining
procedures, ensuring that cellular structures
appear consistent across different samples.

B. Advanced Segmentation Techniques

Segmentation is a critical step in cervical cancer
detection as it isolates the regions of interest
(ROIs)—primarily the nucleus and cytoplasm—
from Pap smear images. Accurate segmentation
enables precise extraction of cellular structures
required for identifying abnormal morphological
changes. Deep learning—based segmentation
models such as U-Net and Mask R-CNN are
widely adopted in medical image analysis. U-Net
employs an encoder—decoder architecture that
captures  contextual information  through
downsampling  while  maintaining  spatial
precision through skip connections during
upsampling. This structure allows accurate
localization of cell boundaries and effective
segmentation of nuclei and cytoplasm. Similarly,
Mask R-CNN, an extension of Faster R-CNN,
performs instance segmentation by generating
pixel-level masks for detected objects. It
simultaneously performs object detection and
segmentation, enabling precise identification of
abnormal cervical cells. These advanced

ISSN: 2347-8578

www.ijcstjournal.org Page 171




International Conference on Intelligent Computing and Explainable Al (ICICEA) — April 2026

segmentation  techniques improve feature
localization and contribute to more accurate
classification of precancerous and cancerous
cells.

C. Transfer Learning Approaches

Transfer learning has become an essential
technique in medical image analysis, particularly
when labeled datasets are limited. Instead of
training deep learning models from scratch,
transfer learning utilizes pre-trained models that
have already learned general visual features from
large-scale datasets. Popular architectures such as
ResNet, DenseNet, VGGNet, and Inception are
commonly used as pre-trained models. These
networks are initially trained on large datasets
such as ImageNet, enabling them to learn generic
visual representations. In cervical cancer
detection, the final layers of these models are
fine-tuned using Pap smear image datasets to
adapt the learned features to the specific
classification task. This approach significantly
reduces training time, improves convergence
speed, and enhances classification accuracy even
when the available dataset is relatively small.

D. Data Augmentation and Generative Modeling

One of the major challenges in cervical cancer
datasets is class imbalance, where abnormal or
cancerous cell samples are significantly fewer
than normal cells. Data augmentation techniques
are widely used to artificially expand the training
dataset and improve model generalization.
Common augmentation techniques include image
rotation, flipping, scaling, translation, and
brightness adjustment. These transformations
create additional training samples and enable the
model to learn invariant features across different
imaging conditions.

E. Classification Techniques

The classification stage represents the final step
in the cervical cancer detection pipeline, where
extracted image features are categorized into
predefined classes such as normal, precancerous,
or cancerous cells. Deep learning models,
particularly Convolutional Neural Networks
(CNNSs), are widely used due to their ability to
learn hierarchical feature representations directly
from image data.

CNN architectures automatically extract spatial
and texture features through convolutional layers
and perform final decision-making using fully
connected layers. In addition to CNN-based
models, traditional machine learning classifiers
such as Support Vector Machines (SVM) and
Random Forests (RF) can also be applied using
features extracted from deep learning models.
Hybrid approaches combining deep learning with
conventional classifiers often provide improved
classification accuracy and robustness.

Abnormal Normal
Classes

Superficial {Intermediate Colummar|  Light | Moderate | Severe  |Carcinoma

Squamous | Squamous | (ncol) | dysplasia | dysplasia | dysplasia | nsitu

(nsup) | (nint) (Idys) | (mdys) | (sdys) | (cis)
TN

Sample cells "m - ‘ ‘ 'l
Nk : i |- i

Total no. of cells| 74 (I 08 182 146 197 il

(iii) Sample input of Pap smear images

(iv)Sample output of Cervical Cancer Detection

V.DATASETS

Dataset Name Source Size (Images)

Herlev Dataset Herlev Hospital o017
Cervix Cancer Dataset Kapele 3,700+
PapSmear Dataset UCT Machine 1500+

Learning Repository

Cervical Smear Dataset Kaggle 3,200+
TCGA (The Cancer Mational Cancer Thousands of
Crenomme Atlasy Institute Images
Glas (Gland MICCAL 2015 30-50 per class
Segmentation Challenge
Challenge)

Table2:Dataset used for Cervical Cancer
Detection and its Classification

The datasets presented in Table | represent a
diverse  cross-section of cervical cancer
diagnostic  resources, encompassing  both
cytology and histopathology to ensure a robust
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evaluation of automated screening frameworks.
These resources can be broadly categorized into
clinical repositories, open-source aggregators,
and specialized research challenges. For instance,
the Herlev Dataset and PapSmear Dataset
(sourced from UCI) provide highly curated, cell-
level images that serve as gold standards for
morphology-based classification. In contrast, the
high-volume datasets available via Kaggle, such
as the Cervix Cancer and Cervical Smear
collections, offer over 3,000 images each,
providing the necessary scale for training "data-
hungry" deep learning architectures.

Furthermore, the inclusion of the The Cancer
Genome Atlas (TCGA) and the GlaS (Gland
Segmentation Challenge) highlights a shift
toward more complex diagnostic tasks. While
TCGA offers a vast, multi-institutional repository
of thousands of images for large-scale analysis,
the GlaS dataset from MICCAI 2015 provides a
specialized focus on gland segmentation with a
more limited sample size of 30-50 images per
class. This statistical variation across the table
dictates different modeling strategies: the larger
Kaggle datasets are ideal for initial feature
extraction and broad training, whereas the
smaller, highly annotated challenge datasets are
better suited for fine-tuning and validating the
precision of segmentation algorithms.
Collectively, these sources provide the
heterogeneous data environment required to test a
model’s generalizability across varying image
resolutions, staining techniques, and clinical
origins.

VI.DISCUSSION

The proposed cervical cancer detection
framework demonstrates the potential of deep
learning techniques in improving the accuracy
and efficiency of automated diagnosis from Pap
smear images. By integrating advanced image
preprocessing, segmentation, and classification
methods, the system can effectively identify
abnormal cervical cells at early stages.
Furthermore, deep learning architectures like
CNN-based models and transfer learning
approaches enhance feature extraction and
improve classification performance even with
limited datasets. Data augmentation techniques

also play an important role in addressing dataset
imbalance and improving model generalization.

VII.LEVALUATION PARAMETERS

The effectiveness of DL models in cervical
cancer detection is assessed using various
evaluation metrics, each providing. Accuracy:
This indicates the proportion of successfully
predicted instances to total cases. It is a simple
measure of overall performance, but it can be
misleading when there is a class imbalance.
Precision: The ratio of real optimistic forecasts to
all anticipated positives. It is the fraction of
accurately detected positive instances among all
instances classed as positive, demonstrating the
model's ability to avoid false positives. Recall
(Sensitivity): Recall, often called sensitivity, is
the ratio of true positive forecasts to total real
positives. This statistic emphasizes detecting
medical diagnostics, where missing a positive
case can have serious consequences. Fl-score:
The F1-score is a statistic that uses the harmonic
mean to balance recall and precision. It is useful
when unequal class distribution allows for a more
comprehensive model performance evaluation.
Area Under the Curve (AUC): AUC shows the
trade-off between sensitivity (true positive rate)
and specificity (true negative rate) for different
threshold values. AUC values close to oOne

suggest superior model performance.

VIII.CHALLENGES AND FUTURE
PREDICTIONS

Despite the significant progress achieved through
the application of deep learning in cervical cancer
detection, several challenges still remain. One
major limitation is data imbalance, where most
available datasets contain a significantly larger
number of normal cell samples compared to
abnormal or cancerous cases. This imbalance can
cause models to become biased toward the
majority class, reducing their ability to accurately
detect rare abnormal conditions. Another
challenge relates to variations in image quality,
which may arise due to differences in imaging
equipment, staining procedures, illumination
conditions, and slide preparation methods. These
variations can affect the clarity and consistency
of cervical cytology images, ultimately
influencing model performance. In addition, the
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limited availability of well-annotated medical
datasets, particularly for rare cervical cancer
stages, restricts the effective training of deep
learning models. Future research should therefore
focus on improving segmentation accuracy using
advanced deep learning architectures such as U-
Net-based models and exploring generative
techniques like Generative Adversarial Networks
(GANs) to augment training  datasets.
Furthermore, integrating additional clinical
information—such as patient medical history,
demographic data, and genetic factors—could
enhance predictive accuracy and support the
development of more comprehensive and reliable
cervical cancer detection systems.

IX.CONCLUSION

In summary, deep learning has shown great
promise for improving cervical cancer detection
and classification, .This paper comprehensively
overview various methodologies, datasets,
evaluation metrics, and challenges in this
evolving field. While integrating deep learning
techniques has led to promising advancements in
the classification of cervical cells, challenges
such as data imbalance, variability in image
quality, and the limited availability of labeled
datasets remain pertinent. Continued research and
innovation are essential to enhance model
robustness and clinical applicability. Future work
should explore more complex architectures,
implement  advanced data  augmentation
strategies, and employ ensemble methods to
improve model performance and generalization.
Additionally, developing interpretable models
will assist clinicians in making informed
decisions. By addressing these challenges and
leveraging technological advancements, there is a
substantial opportunity to improve early detection
and treatment outcomes for cervical cancer.
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