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ABSTRACT: Cervical cancer screening is important for early detection, but image-based assessment can be difficult
when specialist support, consistent image quality, or screening facilities are limited. Recent work has shown that
convolutional neural networks (CNNs) can learn useful visual features from cervical images and support computer-
aided screening. This review examines recent deep-learning approaches for cervical image analysis, including transfer
learning, ensemble networks, feature-fusion methods, and lightweight models. The literature shows that performance
can be strong on public datasets, but differences in datasets, class definitions, preprocessing, and validation protocols
make direct comparison difficult. The review also identifies recurring issues such as limited data diversity, class
imbalance, image-quality variation, and weak external validation. Based on these observations, the proposed project
framework, CervixNet-D121, uses DenseNet121 for binary classification of Normal and Abnormal cervical colposcopy
images. The project documents specify the Intel & MobileODT Cervical Cancer Screening Dataset, image
preprocessing, augmentation, DenseNetl21-based feature extraction, and a sigmoid classification head. The project
presentation reports an overall test accuracy of 91.11%. The review concludes that DenseNet121 provides a practical
baseline for an efficient screening prototype, while broader validation and multi-class CIN grading remain important
future directions.

KEYWORDS: Cervical cancer; deep learning; convolutional neural network; DenseNetl121; colposcopy; medical
image classification; Intel & MobileODT.

I. INTRODUCTION

Cervical cancer is a major health problem for women, and early screening can substantially improve the chance of
timely treatment. Conventional screening and colposcopic assessment depend on trained clinicians and can be affected
by workload, image quality, and differences between observers. These practical issues have encouraged the use of
computer-aided diagnosis and deep learning for cervical image analysis. Recent studies have shown that CNN-based
systems can learn image features directly and can support classification of cervical lesions or cells without relying only
on handcrafted measurements[1]-[5].

The recent literature covers several directions. Some studies use pretrained CNNs and transfer learning, while others
combine several CNNs, feature-fusion strategies, segmentation, or clinical information. Cho et al. studied pretrained
networks for grading cervical neoplasms on colposcopic photographs and showed that performance varies with the
grading task [1]. Luo et al. proposed a multi-CNN decision feature integration approach for cervical precancerous
lesions [2]. Liu et al. developed a ResNet-based computer-aided diagnostic system using a large clinical colposcopy
dataset and combined image information with clinical features [3]. These studies show the value of deep features, but
they also highlight the need for careful preprocessing and validation.
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For cytology images, Rahaman et al. proposed DeepCervix, a hybrid deep feature-fusion framework evaluated on
SIPaKMeD and Herlev [4]. Other work has explored semi-supervised learning, lightweight CNNs, and multi-domain
feature extraction to reduce the dependence on large labeled datasets [5S]—[7]. More recent studies have compared many
pretrained models and reported strong results on SIPaKMeD and Herlev, including DenseNet121, but these results are
mainly based on cell-level cytology images rather than the colposcopic images used in the present project [8].

The purpose of this review is therefore twofold: first, to summarize recent CNN-based cervical screening research; and
second, to place the project's DenseNet121-based CervixNet-D121 framework in that research context. The review
focuses on model choice, dataset type, preprocessing, reported performance, and limitations. The final goal is not to
replace clinical diagnosis, but to develop a screening-support prototype that can provide a consistent preliminary
classification.

II. RELATED WORK

A. Deep Learning on Colposcopy Images

Colposcopy studies generally work with photographs of the cervix captured before or after application of acetic acid.
Cho et al. used pretrained CNNs for CIN and LAST grading and reported that the same architecture can behave
differently across grading schemes [1].

Chandran et al. compared a transfer-learned VGG19 model with their CYENET ensemble and reported substantially
stronger sensitivity and specificity for the ensemble [6]. Liu et al. used a large clinical dataset and a ResNet-based
system, showing that combining image-derived probability with clinical information can provide a useful diagnostic aid

[3].

Habtemariam et al. combined a region-of-interest detection stage with EfficientNet for cervix-type and cervical cancer
classification [9]. Gaona et al. used U-Net segmentation followed by SVM classification on the Intel & MobileODT
dataset and a private clinical dataset; their results also showed that segmentation and classification quality are both
important [10]. Kim et al. evaluated Al-assisted interpretation of colposcopic images in clinical practice and found that
Al assistance could improve sensitivity while maintaining comparable specificity [11].

B. Deep Learning on Cervical Cytology Images

Cytology research provides a useful comparison because SIPaKMeD and Herlev are widely used public benchmarks.
DeepCervix used hybrid feature fusion and reported high accuracy on both datasets, while also noting the difficulty
caused by cell clustering and class imbalance [4]. Zhao et al. addressed limited labels through a semi-supervised
strategy that combined a small labeled set with additional unlabeled data [5]. Xu et al. proposed a deep-learning
framework for cervical cell classification and evaluated it on SIPaKMeD and Herlev [12]. Fang et al. introduced
DeepCELL, a multi-kernel CNN, and reported strong performance on both datasets [13].

These studies show that very high benchmark accuracy is possible on cytology datasets. However, benchmark results
should not be transferred directly to colposcopy screening because the image types, labels, and clinical tasks are
different. Kaur et al. compared 16 pretrained CNN models on Herlev and SIPaKMeD and found that model rankings
changed with the dataset and classification task;

DenseNet121 was among the evaluated models [8]. This supports using DenseNet121 as a strong baseline while still
requiring task-specific evaluation.

C. Recent Directions and Common Limitations

Recent research in cervical cancer detection is increasingly focusing on developing Al models that are not only accurate
but also explainable, lightweight, and suitable for real-world clinical applications. Explainable AI helps doctors
understand why a model has made a particular prediction, increasing trust in automated screening systems. Lightweight
models are being explored to reduce computational requirements and enable deployment on low-resource devices.
Researchers are also investigating multimodal inputs, which combine different types of medical information, along with
reinforcement learning and test-time adaptation to improve model performance under changing clinical conditions.
Muksimova et al. proposed CervilLearnNet, which was evaluated on the SIPaKMeD and Herlev datasets, demonstrating
the continued development of deep-learning approaches for cervical cell classification [14].
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Poudel et al. emphasized that successful Al-based cervical cancer screening, particularly in resource-constrained
settings, depends on more than achieving high classification accuracy. Factors such as image acquisition methods,
image quality, dataset diversity, computational resources, and clinical validation play an important role in determining
the reliability of an Al system [15]. Furthermore, recent reviews indicate that publicly available colposcopy datasets are
much more limited than cytology datasets, making it difficult to train and validate robust deep-learning models. The
limited diversity of datasets can also lead to poor generalization, where a model performs well on one dataset but may
not work equally well on images from different hospitals, populations, or imaging devices [16]. Therefore, future
research should focus on larger and more diverse datasets, external clinical validation, and efficient models that can be
reliably deployed in real-world healthcare environments.

TABLE I. SUMMARY OF RECENT STUDIES

Study Year Approach Dataset / Image | Main Limitation
Type
Cho et al. [1] 2020 Pretrained CNNs Colposcopy Task-dependent
performance
Luo et al. [2] 2020 Multi-CNN  feature | Colposcopy Model complexity
integration
Liu et al. [3] 2021 ResNet + clinical | Clinical colposcopy | Single-center
features retrospective data
Rahaman et al. [4] 2021 Deep feature fusion | SIPaKMeD, Herlev | Dataset imbalance
Chandran et al. [6] 2021 VGGI19 + ensemble | Colposcopy Limited external
CNN validation
Zhao et al. [5] 2022 Semi-supervised DL | Cervical cytology Labeling/generalization
issues
Habtemariam et al. | 2022 YOLOv3-MobileNet | Colposcopy + | Multiple pipeline
[9] + pathology stages
EfficientNet
Gaona et al. [10] 2022 U-Net + SVM Intel & MobileODT | Moderate classification
+ clinical performance
Kim et al. [11] 2022 Al-assisted Clinical colposcopy | Clinical  deployment
interpretation needed
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Xuetal. [12] 2023 Deep CNN | SIPaKMeD, Herlev Cytology-specific task
framework

Muksimova et al. | 2024 RL-enhanced CNN SIPaKMeD, Herlev | Higher model

[14] complexity

Kaur et al. [8] 2025 16 transfer-learning | SIPaKMeD, Herlev Benchmark-to-clinic
CNNs gap

Dayalane et al. [17] 2025 ResNet50 + | Colposcopy Needs broader
CervixNET validation

III. METHODOLOGY

The proposed project, named CervixNet-D121, is designed as a binary cervical-image classification framework. The
project documents specify the Intel & MobileODT Cervical Cancer Screening Dataset and a total of 2,542 images for
the project workflow. The images are organized into Normal and Abnormal categories for supervised learning. The
methodology contains data preparation, preprocessing, DenseNetl121-based model development, training and
validation, and final prediction.

A. Dataset and Data Preparation

The project uses the Intel & MobileODT Cervical Cancer Screening Dataset, a public collection of cervical colposcopy
images. The project team manually checks the images and removes duplicates, corrupted files, very blurred images, and
images where the cervix is not visible adequately. The cleaned data are organized into training, validation, and testing
folders, with Normal and Abnormal subfolders. The exact split can be fixed by the final implementation; the project
documents describe a train/validation/test workflow rather than a single final percentage.

The project documentation contains two image-size specifications: an earlier preprocessing document states 224x224,
while the later

Proposed Methodology and final PPT specify 288%288. Because the final project PPT and the latest methodology use
288%288 as the

DenseNet121 input, this review paper follows the latest specification: 288x288%3. The same value should be used in
the final implementation and report to keep all project documents consistent.

B. Image Preprocessing

All images are normalized to the [0,1] range. The final project methodology uses rotation, flipping, zooming, brightness
adjustment, HSV transformation, and CLAHE as augmentation or image-enhancement operations. These operations are
intended to expose the network to realistic changes in orientation, illumination, and local contrast. The preprocessing
stage is important because colposcopy images can contain changes in brightness, reflections, background structures,
and image positioning.

Where required, the project workflow can also isolate the cervical region so that irrelevant background information is
reduced. The cleaned and preprocessed image is then converted to a tensor and supplied to the CNN. This pipeline is
consistent with the general finding in the literature that image quality and region selection can strongly affect cervical-
image classification [3], [10].
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C. CervixNet-D121 Architecture

CervixNet-D121 uses DenseNet121 as its backbone. DenseNet connects each layer with later layers, which encourages
feature reuse and provides direct paths for gradient flow. For this project, the architecture contains the input stage,
Dense blocks, transition layers, global average pooling, and a sigmoid-activated classification layer. The final sigmoid
output represents the binary Normal/Abnormal decision.

The model is intended to benefit from transfer learning and efficient feature reuse rather than learning all visual features
from scratch. This choice is supported by recent transfer-learning comparisons showing that pretrained CNNs can
perform strongly on cervical image datasets, although the best architecture depends on the dataset and classification
task [8].

D. Training and Inference
The final project PPT specifies a batch size of 32 and training for 72 epochs using Binary Cross-Entropy loss with
backpropagation. Early

Stopping and Model Checkpoint callbacks are used to reduce overfitting and retain the best model. Test Time
Augmentation (TTA) is applied during inference to improve robustness by combining predictions from transformed
versions of an input image. The final system produces one of two classes: Normal or Abnormal.

IV. COMPARATIVE SYNTHESIS AND DISCUSSION

The literature suggests that there is no single model that is universally best for cervical screening. Performance depends
strongly on the image source, label definition, number of classes, preprocessing pipeline, and validation strategy.
Colposcopy studies often face image-quality variation and limited labeled data, whereas cytology benchmarks such as
SIPaKMeD and Herlev allow more controlled comparisons but represent a different clinical image type.

DenseNetl21 is a reasonable choice for the present project because it offers dense feature reuse without requiring a
very large custom architecture. The recent comparison by Kaur et al. included DenseNet121 among 16 pretrained
CNNs and reported strong performance across the two public cytology datasets, although the best model differed by
task [8]. This indicates that DenseNet121 should be treated as a practical baseline rather than as a guaranteed best
model for every cervical dataset.

TABLE.Il. COMPARISON OF APPROACHES

Approach Strength Limitation Relevance to Proposed
Work

Traditional visual | Clinically established Observer variation; | Motivates decision support

assessment specialist dependent

VGG/ResNet transfer | Strong pretrained features Architecture/task dependent | Useful baseline

learning

Ensemble CNNs Can improve robustness More computation and | Alternative for future study
complexity

Feature-fusion methods Combines complementary | More stages to tune Can improve representation

features

U-Net + classifier Explicit ROl/lesion focus Segmentation adds | Optional preprocessing
complexity stage

DenseNetl121 / CervixNet- | Feature reuse; efficient | Needs broader validation Selected project model

D121 backbone
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Research Gap

Four gaps are repeated across the reviewed studies. First, public datasets are often small or narrow compared with real
clinical variation. Second, many papers report strong internal accuracy but provide limited external or prospective
validation [3], [15]. Third, performance figures cannot always be compared directly because studies use different class
definitions, image types, and data splits. Fourth, resourceconstrained screening needs models that are accurate enough
to be useful without making the deployment pipeline unnecessarily complex.

The proposed work addresses part of this gap by keeping the task simple: binary classification of cervical colposcopy
images using a single DenseNetl21-based backbone, standardized preprocessing, augmentation, and TTA. The
approach is not presented as a replacement for a clinician. Instead, it is a screening-support framework that can be
evaluated and extended with multi-dataset testing, explainability, and CIN grading.

Project Result and Interpretation

The final project PPT reports an overall test accuracy of 91.11% for CervixNet-D121. This value is treated in this paper
as the current projectreported result rather than as an independently reproduced benchmark. The result suggests that the
proposed pipeline can learn useful differences between the two project classes, but accuracy alone is not sufficient for
clinical use. Precision, recall, F1-score, sensitivity, specificity, calibration, and patient-wise external validation should
be reported in future evaluations.

V. CONCLUSION AND FUTURE WORK

This review examined recent deep-learning approaches for cervical cancer screening and compared their datasets,
model choices, and limitations. The literature shows that CNNs and transfer learning can provide strong performance
for both colposcopy and cytology images, but differences between datasets and evaluation protocols make direct
comparison difficult. The reviewed studies also show that generalization, data quality, class imbalance, and clinical
validation remain important issues.

For the present project, CervixNet-D121 uses DenseNet121 to classify Intel & MobileODT cervical colposcopy images
into Normal and Abnormal classes. The workflow combines data cleaning, preprocessing, augmentation, DenseNet121
feature extraction, binary classification, and Test Time Augmentation. The project presentation reports 91.11% overall
test accuracy. The framework therefore provides a practical base for an academic screening prototype, while further
validation is required before any clinical use.

Future work will focus on multi-class CIN grading, evaluation across additional cervical-image datasets, explainable Al
methods such as attention or saliency maps, patient-wise validation, and deployment testing in resource-constrained
settings. A larger and more diverse dataset would also help determine whether the observed performance generalizes
beyond the current project data.
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