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Abstract—Cervical cancer is the fourth most common cancer
among women worldwide and remains a major public health
challenge, particularly in regions with limited access to early
screening and diagnosis. Accurate classification of cervical
cytology images is critical for early detection of cervical cancer,
which remains a major health burden in low- and middle-income
countries. This study presents a comprehensive evaluation of
multiple deep learning architectures for the automated
classification of Pap smear images into four diagnostic categories:
Negative for Intraepithelial Lesion or Malignancy (NILM), Low-
Grade Squamous Intraepithelial Lesion (LSIL), High-Grade
Squamous Intraepithelial Lesion (HSIL), and Squamous Cell
Carcinoma (SCC). We systematically compare eight
Convolutional Neural Network (CNN) architectures: AlexNet,
VGG-16, GoogLe-Net, Network-in-Network (NIN), ResNet-50,
DenseNet-121, Capsule Networks, and EfficientNet-B0 on a
publicly available cervical cytology dataset. To enhance feature
representation and capture long-range dependencies, we

additionally incorporate a Vision Transformer (ViT-16) model.
All models are trained and evaluated under identical
preprocessing and sampling conditions to ensure fair
benchmarking. Experimental results demonstrate that ViT-16
achieves the highest test accuracy of 95.88% and an overall
specificity of 0.9864, outperforming all CNN counterparts.
EfficientNet-B0 and DenseNet-121 also showed strong
performance, achieving 94.33% and 93.30% accuracy,
respectively. Notably, ViT-16 provided superior classification
outcomes for challenging minority classes such as SCC and HSIL.
The findings highlight the growing potential of transformer-based
models in cytopathology and underscore the importance of
architectural design in developing robust diagnostic tools. This
work contributes a comparative foundation for future research in
Al-assisted cervical cancer screening systems.
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I INTRODUCTION

The cervix is the lower, narrow portion of the uterus that
connects the uterine cavity to the vaginal canal. Functionally, it
playsavital rolein female reproductive health by facilitating the
passage of sperm, acting as a barrier to infections, and serving
as the birth canal duringlabor. Despiteits biological importance,
the cervix is susceptible to malignant transformations that lead
to cervical cancer.

Cervical cancer arises primarily due to persistent infection
with high-risk human papillomavirus (HPV) types. According
to Delgado 2022 [1], cervical cancer accounted for
approximately 604,000 new cases and 342,000 deaths
worldwide, making it the fourth most common cancer among
women globally. The disease burden is disproportionately
higher in low- and middle-income countries, where access to
early screening and preventive healthcare remains limited.
These statistics highlight the urgent need for reliable and
scalable diagnostic systems to support early detection and
intervention. The disease progresses through precancerous

Normal

Pre-cancerous Lesions
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stages, including low-grade squamous intraepithelial lesions
(LSIL) and high-grade squamous intraepithelial lesions (HSIL),
before developing into invasive squamous cell carcinoma
(SCC). Early detection and classification of these lesions are
crucial for improving survival rates and reducing treatment
complexity. Fig. 1 shows an overview of cervical cytology
classes: (A) HSIL, (B) LSIL, (C) NILM, and (D) SCCPap smear
images representing different diagnostic categories.

Traditionally, cervical cytology diagnosis is performed
using the Papanicolaou (Pap) smear test, which relies on expert
microscopic examination of cervical epithelial cells. Although
effective, manual screening is labor-intensive, subjective, and
prone to inter-observer variability. In response to these
challenges, artificial intelligence (AI) and deep learning
approaches have gained traction for automated image-based
diagnostics. Convolutional Neural Networks (CNNs), in
particular, have demonstrated superior performance in feature
extraction and classification tasks across medical imaging

domains [2, 3].
Malignant Lesions

Fig. 1. Overview of cervical cytology classes: (A) HSIL, (B) LSIL, (C) NILM, and (D) SCC pap smear images representing different dia gnostic categories.

Recent studies have introduced various CNN-based
architectures for cervical cancer detection. For instance, Liu et
al. [4] proposed a hybrid CNN and Transformer model
achieving high accuracy in classifying Pap smear images.
Similarly, Gangrade et al. [5] and Huang et al. [3] utilized
ensemble and fine-tuned deep learning techniques to improve
classification outcomes. These models outperform conventional
machine learning algorithms by reducing manual feature
engineering and enhancing generalizability [6].

Nevertheless, issues such as class imbalance, image
variability, and staining artifacts continue to challenge model
robustness and reliability [8, 9]. To address these, researchers
have incorporated data augmentation [6] and attention-based
models [10] to enhance feature learning. Despite such
advancements, the evaluation of different CNN architectures on
a balanced and diverse dataset remains a key research gap.

Cervical cytology classificationvia deepoptions hasbeenan
active area of research. Many studies rely primarily upon
transferring knowledge from other domains (transfer learning)
and focus on establishing high levels of performance within
ideal conditions. Very few published studies systematically
examine multiple convolutional neural network (CNN)

architectures and/or transformers under standardized training
conditions and/or real, imbalanced, cervical cytology datasets.
Therefore, some controlled comparative experiments will be
performed to determine the impacts of architectural designs on
robustness of the classification under the constraints of realistic
clinical data.

The remainder ofthis study is organized as follows: Section
II presents the related work with a focus on recent advances in
cervical cancer classification using deep learning. Section III
details the Materials and Methods, model architectures, and
Dataset. Section IV discusses the experimental setup,
Methodology, Training, and Implementation Details, and
Section V provides performance comparisons among the
evaluated models. Finally, Sections VI and VII present the
Discussion and Conclusion that outline potential directions for
future research.

II. RELATED WORK

Cervical cancer remains a leading cause of mortality among
women worldwide, emphasizing the urgent need for early and
accurate diagnostic tools. Deep learning techniques, particularly
convolutional neural networks (CNNs) and transformer-based
models, have demonstrated strong potential in automating
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cervical cytology image classification. This section critically
reviews recent studies, analyzing their methodological
innovations, performance outcomes, and relevance to real-world
medical applications.

Nirmala et al. [2] introduced an adaptive system combining
CNNs with adaptive vision transformers, achieving 97.43%
accuracy through refined segmentation and classification
strategies. Similarly, Huang et al. [3] employed AF-SENet with
fine-tuned CNNs to enhance the detection of LSIL, pushing the
accuracy to 95.33%. Liu et al. [4] proposed the CVM-Cervix
framework, which synergizes CNNs, visual transformers, and
MLPs, attaining 91.72% accuracy and exemplifying the
advantage of hybrid architectures.

Several researchers explored ensemble and multi-model
strategies. Gangrade et al. [5] combined CNN, AlexNet, and
SqueezeNet, achieving 94% accuracy in five-class
classification, while Tripathi et al. [6] applied majority voting
across CNN models to improve classificationreliability. Benyes
et al. [6] used AE-CNN on SurePath and ThinPrep datasets,
reporting 96.54% accuracy and demonstrating effective domain
adaptation.

Signal processingintegration was explored by Palanisamy et
al. [7], who combined dual-tree complex wavelet transform
(DTCWT) with CNNs, achieving 99% accuracy across four Pap
smear categories. Complementarily, Sellamuthu et al. [7]
developed a CNN pipeline with augmentation and pooling,
achieving a Pap smear detection index of about 99%.

Transfer learningtechniquesalsoshowed promise. Tan etal.
[8] tested 13 pretrained CNNs and identified DenseNet-201 as
the most effective on the Herlev dataset. Novitasari et al. [9]
applied ResNet-50 to classify colposcopy images into five
stages with 100% accuracy, while Wulandari et al. [9]
highlighted the stability of ResNets in mitigating vanishing
gradient problems.

Whole-slide image (WSI) analysis was addressed by Cheng
etal.[10],who proposed a progressive lesionrecognition system
using dual-resolution WSIs, achieving 95.1% sensitivity and
93.5% specificity. Kaur et al. [11] compared 16 CNN models
and reported 95% accuracy with ResNet-50 and 99.95% with
VGGL16 for binary classification, emphasizing the strength of
pre-trained models.

Alsubaiet al. [12] integrated PCA and GWO for feature
selection in a CNN-based classifier on SIPaKMeD data,
achieving 91.13% accuracy and strong precision. De La Cruz
Paucaretal.[13]improved generalization by employing dropout
in a two-stage CNN, where ResNet-50 outperformed competing
models. Finally, Zhao et al. [14] tackled data imbalance by
generating cervical images using taming transformers, thereby
enhancing classification accuracy and dataset diversity. Recent
advances in medical image classification and deep learning
architectures, including transformer-based models and
conventional CNN frameworks, have demonstrated strong
potential for improving automated diagnostic systems in
medical imagingapplications [ 15—22]. Recent studies havealso
explored optimization-driven and hybrid deep learning
approachesfor medical image analysis and disease classification
tasks [31-33].

Vol. 17, No. 5, 2026

These studies collectively underline the transformative
impact of deep learning on cervical cancer screening, while also
revealing ongoing challenges related to class imbalance, model
generalizability, and clinical-scale deployment. Table I shows a
comparative summary of related studies on cervical image
analysis.

III. MATERIALS AND METHODS

This section outlines the dataset, preprocessing techniques,
model architectures, and training strategies used in this study.
The proposed methodology is designed to classify cervical
cytology images into four diagnostic categories using multiple
CNN architectures and a transformer-based feature
enhancement stage. The process includes image preprocessing,
CNN-based feature extraction, integration of a transformer
model for contextual learning, and final classification.

A. Dataset

This study employs the publicly available Mendeley cervical
cancer image dataset[23] (DOI:10.17632/zddtpgzv63.4), which
includes high-resolution cytology slide images stained using the
Papanicolaou (Pap) method. The datasetis composed of 963
images representing four clinically annotated classes: Negative
for Intraepithelial Lesion or Malignancy (NILM), Low-grade
Squamous Intraepithelial Lesion (LSIL), High-grade Squamous
Intraepithelial Lesion (HSIL), and Squamous Cell Carcinoma
(SCC). Images were captured at 400x magnification (using a
Leica ICC50 HD attached to a microscope) and sourced from
460 patients in real-world clinical settings. Each image in the
dataset has been labeled by expert cytologists. The dataset
presents real-world variability in terms of staining artifacts, cell
overlap, and illumination differences, making it a suitable
benchmark for evaluating the robustness of deep learning
models. However, it suffers from class imbalance, with the
NILM class being overrepresented and SCC and LSIL being
underrepresented. This imbalance poses a challenge for
classifiers and is addressed through class-weighting and
sampling strategies in training.

B. Computing Infrastructure

The Experiments are conducted in Google Colab using a
standard Linux-based runtime environment. The operating
system is a 64-bit Linux distribution provided by the Colab
virtual machine. Model development and training were
implemented in Python using the PyTorch deep leamning
framework with supporting scientific libraries (NumPy,
Matplotlib, and scikit-learn). Experiments are executed under
Colab’s managed hardware configuration, and where GPU
acceleration was available, training leveraged an NVIDIA
CUDA-enabled GPU provided by the platform. In cases where
GPU is not enabled, training is performed on the Colab CPU
backend. Data are accessed from cloud storage (Google Drive)
and loaded using a standard folder-based dataset structure
compatible with ImageFolder. All pre-processing (resizing,
normalization, and tensorconversion) and evaluation (confusion
matrix, ROC/AUC, and classification report) are performed
within the same environment to ensure consistency. The same
runtime setup is used across all model variants to maintain
comparable experimental conditions.
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TABLE 1. COMPARATIVE SUMMARY OF RELATED STUDIES ON CERVICAL IMAGE ANALYSIS
Study Year Techniques Application Strengths Weaknesses
- VAW — -
Nirmala et al. [2] | 2025 CNN + Adaptive ViT Pap smear classification High accuracy 0743 A.’)? robust Sensitive to d_ata unbalance
segmentation and classification | and segmentation quality
AF-SENet + fine-tuned .. Improved LSIL  detection; | Requires careful tuning;
H 1. 202 LSIL - . . A L
uangetal. 3] 020 CNN SIL recogni-tion effective deep feature fusion limited generalizability
. CNN + Vil + MLP e Hybrid synergy; solid accuracy | Complex model; dataset-
Liu etal. [4] 2022 (CVM-Cervix) Pap smear classification (91.72%) dependent benefits
Gangrade et al 2025 Ensemble (CNN, | Five-class cervical | Ensemble outperforms single | Higher inference cost;
[5] AlexNet, SqueezeNet) classification models (94%) requires model aggregation
Tripathietal. [6] | 2022 Mu.1t1p-16 .CNNS | Multiclass Pap smear Voting improved reliability .Stlu sensitive  to class
majority voting imbalance
AE-CNN + domain | Pap smear | Strong accuracy (96.54%); | Dataset-specific adaptation;
Benyesetal [6] | 2022 adaptation (SurePath/Thin-Prep) cross-prep robustness limited minority class detail
Palanisamy etal. 2022 DTCWT + CNN Pap smear (4 categorics) Yery high accuracy (99%); DL + Overflttll}g risk; preprocessing
[7] signal synergy complexity
Sellamuthu et al. 2022 CNN + augmentation + | Pap smear detection | Robust with augmentation; | Limited innovation; weak for
[7] pooling index simple pipeline rare classes
TL with 13 pretrained Dependent  on re-train
Tan et al. [8] 2024 CNNs  (DenseNet-201 | Pap smear (Her-lev) Effective under data scarcity pen p
domain
best)

- - 5 - - —— —
Novitasari et al. 2022 ResNet-50 Colposcopy, 5 stages Reponed 1004) accuracy; strong POSS}b.le overfitting; domain
[9] residual learning specific
Wulandari et al. Residual networks .. o . Requires  high  compute;
9] 2022 (multi-stage) Colposcopy Mitigates vanishing gradients dataset dependency

Progressive lesion e . Clinically relevant; high | Compute-heavy; pipeline
Chengetal [10] | 2021 recognition (WSIs) Whole-slide imaging sensitivi-ty/specificity complexity

16 pretrained CNNs Strong  baselines (VGG16: | Binary results may not
Kauretal [11] 2025 (ResNet-50, VGG16) Pap smear7 99.95% binary) generalize to multiclass

- AN - - » n

Alsubai et al 2023 PCA + GWO + CNN SIPaKMeD dataset Good accuracy (91.13%); | Risk of losing rare-class fea
[12] feature reduction helps tures

Two-stage CNN  + .
De La  Cruz 2024 dropout (ResNet-50 | Pap smear classification Dmpou.t . improved Limited external validation
Paucaretal [13] best) generalization
Zhao et al [14] 2022 Taming trgnsformers Cervical ) image | Tackles }mba_lance; boosts Syn.thepc—real domain gap;

(data generation) augmentation accuracy/diversity validation needed

IV. EXPERIMENTAL SETUP

This section outlines the practical implementation of the
proposed methodology, including model training protocols,
evaluation metrics, and analysis tools. Each component of the
setup, from data preprocessing to final evaluation, is described
below.

A. Training and Implementation Details

All of the models have been created with the same dataset
structure and preprocessing pipeline. The data preprocessing for
images involved resizing all of the images to one common size
matching each of the architectures, converting all images to
tensors, and normalizing all images with the mean and standard
deviation of ImageNet. To keep the experiments reproducible,
we pre-split our dataset into three parts (70% training, 15%
validation, and 15%testing) usinga stratified split. The stratified
split preserved the class representation in the training,
validation, and testing datasets for all four classes of diagnosis
(NILM, LSIL, HSIL, SCC). Random number generator seed 42
was used to splitthe dataset and create and initialize the models
to ensure consistent conditions in these experiments. To handle
the great majority of the imbalanced dataset, class weightings
were determined based on the number of occurrences of each
class in the training set, and we utilized a
WeightedRandomSampler during training to create balanced
mini-batches of samples. Balanced mini-batches allowed the

SCC class to receive better representation in terms of class size
and ultimately provided better representation of the SCC class’
actual proportion of the study sample.

The Adam optimizer is used for each of the models at a
learning rate of 0.0001 and a batch size of 32. The weighted
cross-entropy loss function is utilized to incorporate class
weights into the optimization process. Each model is trained for
10 epochs, with training and validation loss and accuracy being
used to monitor model performance.

The preliminary experiments showed that model validation
performance plateaus around 8—10 epochs, indicating early
convergence given the moderate size of the dataset. Training
models beyond these epochs did not show large increases in
model performance and created a higher risk of overfitting;
therefore, all models were trained for 10 epochs to maintain
consistency and to not over-optimize the models. After training,
the best-performing model checkpoint (based on validation
accuracy) is evaluated on the independent test set. All
experiments are conducted under the same computational
environment to ensure comparability across architectures.

B. Evaluation Metrics

The following equations define the metrics used to evaluate
model performance:

TP+TN

Accuracy = ———
TP+TN+FP+FN

(M
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Precision = 2)
TP+FP
TP
Recall = 3)
TP+FN
PrecisionXRecall
F1 —score = — 4)
Precision+Recall+FN
TN
Specificity = 5
pecificity = ——— (5)

Area Under the ROC Curve (AUC): Measures the model’s
ability to distinguish between classes across all thresholds.

Specificity Analysis: Class-wise specificity is calculated to
assess each model’s ability to correctly identify negative
samples. Overall specificity is derived by averaging across
classes.

In addition to class-wise metrics, the final test accuracy and
average specificity are computed to summarize overall model
effectiveness. Thesemetrics provide both class-wise and overall
assessments of the model’s classification ability, particularly
highlighting performance on underrepresented classes such as
SCC.

C. Methodology

The proposed methodology is designed to classify cervical
cytology images into four diagnostic categories using multiple
CNN architectures and a transformer-based feature
enhancement stage. The process includes image preprocessing,
CNN-based feature extraction, integration of a transformer
model for contextual learning, and final classification.

1) Deep learning models employed: In this study, we
systematically evaluate eight distinct CNN architectures—
AlexNet, VGGNet, GooglLeNet, Network-in-Network (NIN),
ResNet, DenseNet, Capsule Networks, and EfficientNet—for
cervical cytology classification. The objective is to compare
their classification performance and assess their capability in
addressing limitations such as computational inefficiency, poor
spatial representation, and vanishing gradients. By using a
publicly available cytology image dataset, we aim to provide a
comprehensive benchmark and insights into architecture
selection forreal-world Al-assisted cervical cancer diagnostics.

AlexNet (2012) serves as a foundational CNN model,
comprising five convolutional layers and three fully connected
layers, totaling approximately 61 million parameters. Though
relatively shallow, it provides a strong baseline for evaluating
improvements in newer models [24]. Advantages: Simple and
efficient for moderate datasets. Limitations: Limited depth
reduces capability for complex feature learning.

VGGNet(2014)introducesa deepernetwork with about 138
million parameters using uniform 3x3 convolution filters. This
architecture improves hierarchical feature learning but is
computationally expensive [30]. Advantages: Effective in
learning fine-grained features. Limitations: High training time
and memory demand. Motivation: To analyze the benefit of
increased depth over AlexNet’s simpler design.

Vol. 17, No. 5, 2026

GoogleNet (Inception) (2014) features inception modules
for multi-scale feature extraction and contains roughly 6.8
million parameters. Its parallel convolution paths make it both
deep and computationally efficient [26]. Advantages: Learns
hierarchical and multi-scale features. Limitations: Complex to
tune and modify. Motivation: Introduced to evaluate multi-path
processing and spatial efficiency.

Network in Network (NIN) (2014) replaces dense layers
with micro neural networks, namely MLPs, for increased
abstraction [29]. It utilizes about 29 million parameters.
Advantages: Improved local abstraction through MLPs.
Limitations: Lacks the expressiveness of deeper residual
connections. Motivation: Explores local abstraction techniques
in contrast to global dense features.

ResNet (2015) addresses the vanishing gradient problem
through skip connections. ResNet-50, with 25.6 million
parameters, enables training of very deep networks [25].
Advantages: Residual learning enables depth without
degradation. Limitations: Computationally demanding despite a
moderate parameter count. Motivation: Evaluates the
effectiveness of residual connections in classification
performance.

DenseNet (2017) connects each layer to all subsequent ones
to encourage feature reuse and gradient flow [27]. It contains
around 8 million parameters. Advantages: Feature reuse,
reduced parameters, and strong gradient propagation.
Limitations: Memory usage can increase due to feature map
concatenation. Motivation: Introduced to compare dense
connectivity with residual learning.

EfficientNet (2019) balances depth, width, and resolution
using compound scaling. With only 5.3 million parameters,
EfficientNet-BO0 offers high accuracy at low computational cost
[28].

Advantages: Lightweight and efficient architecture.
Limitations: May underperform on extremely complex or high-
resolution inputs. Motivation: Explores whether efficient
models can achieve performance comparable to deeper
networks.

Vision Transformer (ViT) (2021) enhances feature
representation by applying transformer architecture to image
patches[16]. Each image is splitinto fixed-size patches, linearly
embedded, and processed by a stack of transformer encoders
usingmulti-head self-attention. We fine-tuned a pretrained ViT-
B/16 model on our dataset. Advantages: Captures long-range
dependencies and global context. Limitations: Requires large
datasets or pretraining for optimal performance. Motivation:
Introduced as a transformer-based alternative to CNNs for
global feature learning in cytology images. Fig. 2 shows an
overview of the CNN architectures used in this study. Fig. 3
shows the architecture of the Vision Transformer (ViT). The
image is divided into fixed-size patches, which are embedded
and processed through multipletransformer encoder blocks with
multi-head self-attention before final classification.
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Fig.2. Overview of CNN architectures used in this study: (A) AlexNet [24], (B) VGGNet [30], (C) GoogLeNet [26], (D) Network -in-Network (NIN) [29], (E)
ResNet [25], and (F) DenseNet [27]. These architectures were evaluated to classify cervical cytology images into four diagnostic categories.

V. EVALUATION METHOD

In this section, we present and analyze the classification
performance of eight CNN architectures trained without fine-
tuning over 10 epochsusinga batchsize of 32. Each model is
evaluated on the same cervical cytology dataset using multiple
performance metrics, including accuracy, precision, recall, F1-
score, and specificity across four diagnostic categories: HSIL,
LSIL, NMIL, and SCC. The dataset is split into training,
validation, andtest sets, with test results forming the basis ofthis
evaluation to ensure consistent comparison across models.

A. Model-Wise Performance Analysis

The comparative performance analysis of the models shows
varying levels of effectiveness. AlexNet achieved a final test
accuracy of 66.49% with a specificity of 0.9018, performing
relatively well for HSIL recall (0.94) but showing low
effectiveness for SCC (recall: 0.07). ResNet-50 improved the
results with an accuracy of 81.96% and specificity of 0.9499,
offering strong recall for SCC (0.93) along with balanced
performance across the other classes. GooglLeNet reported
81.44% accuracy, providing high precision and recall for LSIL

and NMIL but moderate performance for SCC. DenseNet-121
reached 93.30% accuracy and 0.9748 specificity, performing
consistently across all categories, including the minority class
SCC. EfficientNet-BO achieved 94.33% accuracy with a
specificity of 0.9832, maintaining stable precision and recall
across diagnostic groups. Network-in-Network (NIN) showed
relatively lower performance, with 69.59% accuracy and 0.8237
specificity, and had difficulties with LSIL and SCC. VGG-16
performed with 90.72% accuracy and 0.9725 specificity,
showingreliable results for HSIL, LSIL, and NMIL but lower
recall for SCC. Finally, Vision Transformer (ViT16) obtained
the highest accuracy of 95.88% and specificity of 0.9864, with
improved recall for SCC and consistent overall classification.
Fig. 4 and 5 show confusion matrices and ROC curves for CNN
models. Table [l present Comparative performance of pretrained
deep learning models on the cervical cytology dataset. All
models were evaluated under identical training and
preprocessing conditions. Table III presents per-class Precision
(P), Recall (R), and F1-score forall evaluated pretrained models
onthe cervical cytology dataset. Fig. 6 shows ROC curves of the
ViT-16 model for four-class cervical cytology.
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TABLEII. COMPARATIVE PERFORMANCE OF PRETRAINED DEEP LEARNING MODELS ON THE CERVICAL CYTOLOGY DATASET. ALL MODELS WERE
EVALUATED UNDER IDENTICAL TRAINING AND PREPROCESSING CONDITIONS
Model Accuracy (%) Macro F1 SCC Recall Overall Specificity Best For
AlexNet 66.49 0.57 0.07 0.9018 HSIL Recall
ResNet-50 81.96 0.70 0.93 0.9499 SCC Detection
GoogLeNet 81.44 0.76 0.53 0.9463 LSIL Classification
DenseNet-121 93.30 0.86 0.73 0.9748 Balanced Performance
EfficientNet-BO 94.33 0.84 0.40 0.9832 High Overall Accuracy
I(‘Ifi%"rk'm'NetW"rk 69.59 035 0.00 0.8237 HSIL/NILM Detection
VGG-16 90.72 0.75 0.13 0.9725 LSIL/NILM Classification
ViT-B/16 95.88 0.89 0.87 0.9864 Overall Best Performance
TABLEIII.  PER-CLASS PRECISION (P), RECALL (R), AND F1-SCORE FOR ALL EVALUATED PRETRAINED MODELS ON THE CERVICAL CYTOLOGY DATASET
Model HSIL LSIL NILM SCC
P R F1 P R F1 P R F1 P R F1
AlexNet 0.52 0.94 0.67 0.68 1.00 0.81 0.99 0.60 0.75 0.04 0.07 0.05
ResNet-50 0.73 0.33 0.46 0.72 1.00 0.84 1.00 0.90 0.95 0.39 0.93 0.55
GoogLeNet 0.58 0.91 0.71 1.00 1.00 1.00 1.00 0.79 0.88 0.36 0.53 043
DenseNet121 0.87 0.82 0.84 1.00 0.87 0.93 0.98 1.00 0.99 0.65 0.73 0.69
EfficientNetBO -0.78 0.94 0.85 1.00 1.00 1.00 1.00 1.00 1.00 0.75 0.40 0.52
EZ:ggﬁi&N) 0.54 0.58 0.56 0.00 0.00 0.00 0.73 0.94 0.82 0.00 0.00 0.00
VGG-16 0.69 1.00 0.81 0.96 1.00 0.98 1.00 0.96 0.98 0.50 0.13 0.21
ViT-B/16 0.93 0.85 0.89 1.00 0.96 0.98 0.99 1.00 1.00 0.72 0.87 0.79
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Fig. 4. Confusion matrices for CNN models including DenseNet-121, NIN, AlexNet, GoogLeNet, ResNet-50, VGG-16, and EfficientNet-B0 on the cervical
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Fig. 5. ROC curves for CNN models including AlexNet, VGG-16, GoogLeNet, NIN, ResNet-50, DenseNet-121, and EfficientNet-BO0 on the cervical cancer
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Fig. 6. ROC curves of the ViT-16 model for four-class cervical cytology classification: HSIL, LSIL, NILM, and SCC. The model achieved high AUC values of
0.99,1.00, 1.00, and 0.98, respectively.
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B. Best Model Overview

Among all models evaluated, EfficientNet-B0 and Vision
Transformer (ViT-16) demonstrated the highest classification
performance. EfficientNet-B0 achieved a final test accuracy of
94.33% with an overall specificity of 0.9832. ViT-16 further
surpassed these results with a test accuracy of 95.88% and
specificity of 0.9864. Table IV presents ViT-16’s class-wise
metrics.

TABLEIV. PERFORMANCE METRICS BY CLASS FOR VIT-16
Class Precision Recall F1-score Specificity
HSIL 0.93 0.85 0.89 0.9876
LSIL 1.00 0.96 0.98 1.0000
NMIL 0.99 1.00 1.00 0.9859
SCC 0.72 0.87 0.79 0.9721

VI. DISCUSSION

The in-depth study here provides information about the
experimental results, connections between models, dataset
characteristics, and challenges faced in evaluating results. This
section goesintodeeper detailabout the important findings from
the comparative study of CNN and transformer-based models on
the classificationof cervix cytology. The cervix cytology dataset
used in this study consists of four cervix cytology
classifications: HSIL high-grade squamous intraepithelial
lesion, LSIL low-grade squamous intraepithelial lesion NILM
(Negative for intraepithelial lesion or malignancy), and SCC
(Squamous cell carcinoma). Each classification is different in
how many total images are available for training, as well as how
complex the images are visually. The cervix cytology dataset
also presented several challenges, such as imbalanced class
distributions, variability between images, inconsistent staining,
and subtle visual differences between the HSIL and LSIL
classes. The SCCclasshadthe lowest numberoftraining sample
images when compared to the other three cervix cytology
classifications, and therefore, many of the models had difficulty
generalizing well to the SCC. With only 963 total images in this
study, transfer learning with pre-trained models was used to
reduce the chance of overfitting and to increase generalization
ability for features. Weighted class sampling was also used
during the training phase along with applying class-balanced
loss to address issues related to imbalanced class distributions.
The experiments also show that EfficientNet-B0 and ViT-B16
performed well enough in terms of both recall and specificity on
the SCC class while demonstrating a reasonable amount of
resilience against the data scarcity issue. The preprocessing
steps like cropping, normalizing, and augmenting datasets are
critical to ensure that all models are trained on the same,
equalized, and enhanced dataset. Additionally, using a
WeightedRandomSampler helped balance the number of
samples from minority classes by creating balanced mini-
batches for training and increasing SCC detection accuracy.
These results provide evidence that using class balancing
approaches improves learning stability and sensitivity for
minority-class samples. The hyperparameter settings used to
fine-tune the models are identical to one another and included,
using pretrained ImageNet weights, the same preprocessing
methods for all models, a batch size of 32, Adam optimizer
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(learning rate 0.0001), weighted cross-entropy loss, and a
maximum number of 10 epochs of training. Using standardized
hyperparameter settings provided a consistent basis for an
unbiased comparison of all models. Initial experiments showed
that validation accuracy converged around epochs 8-10 for the
majority of models, and further training yielded little or no
improvement in the model’s classification accuracy, with an
increased probability of overfitting.

All models differin their respective performance based on
the same conditions of training, with substantially different
performances. The least productive performers in regard to both
recall and specificity (regardless of which dataset) are the
shallow networks, including both AlexNet and Network-in-
Network (NIN) networks, with especially poor performance
seen withrespectto the SCC class. One potential reason for their
limitations includes fewer feature extractions and less ability to
capture a complex spatial representation. Conversely, as the
models become deeper and more connected (DenseNet-121 and
EfficientNet-B0), both the amount of dense feature reuse and
compound scaling contributed toincreased performance through
1) dramatically improving feature representation and 2)
increasing classification consistency among all diagnostic
categories. However, as the models become deeper, they also
require greater computational complexity and money to train,
which could limit their ability to deploy in real-time clinical
environments thatare limited in available resources. Among the
models analysed, the transformer-based ViT-B16 had the
highest overall classification score out of all models on all
datasets. The self-attention mechanism of this model provided
the capability to effectively model long-range contextual
dependencies and global structural information, allowing the
model to be more effective at distinguishing visually similar
lesion classes. Additionally, the strong performance displayed
by ViT-B16 when trained witha very limited amount of training
data is likely due to factors such as transfer learning,
standardisation of preprocessing, balanced sampling, and the
representational power of the attention mechanism of
transformers. These findings indicate the emerging promise of
transformer-based methods in the medical imaging field.
Multiple metrics were assessed, including accuracy, precision,
recall, F1 score, specificity, and ROC-AUC analysis, and while
overall accuracy provides a high-level representation of how
well a model performs, it can sometimes lead to inaccurate
conclusions about models trained on imbalanced medical
datasets. For this reason, class-level metrics were used to
measure the ability of the models to detect the minority class.
The importanceof specificity was emphasized as it measures the
model’s ability to predict negative results while attempting to
detectpositive results in clinical screening situations where false
positives present an additional complication to the costly and
sometimes dangerous process of diagnosing patients.
EfficientNet-BOand ViT-Bl16 were able to generate consistently
good specificity estimates across all classes, including SCC,
indicating excellent diagnostic utility. Both macro and weighted
F1 scores supported that the models were generating consistent
predictions across majority and minority classes. EfficientNet-
B0 and ViT-B16 demonstrated superior performance on all of
these metrics, which would indicate they would be able to
generalise better than the other models considered and have
balanced learning behaviour. The evaluation of ROC-AUC
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analysis provided additional support for the robust
discriminatory ability of the models across all eleven diagnostic
classifications.

Architectural depth, dense connectivity, transfer learming
and attention mechanisms are important in enhancing
performance for the classification of cervical cytology
specimens. Although traditional convolutional neural networks
(CNN) architectures are still valid benchmark models, ViT
(Vision Transformer) architectures such as ViT-B16 have
demonstrated greater accuracy for classifying complex feature
relationships as well as identifying minority classes.
Specifically, for the squamous cell carcinoma (SCC) class
(which was the least represented in the dataset), ViT-B16
achieved a recall of 87% and a precision of 72%. Despite
promising results based on the proposed comparative
framework, there are still a number of limitations. The
comparative analysis was conducted using one publicly
available dataset with no external cross-dataset validation,
therefore limiting its generalizability to other clinical settings.
Furthermore, the impact of staining artefacts (severe artefacts)
as well as noise variation and imaging artefacts due to
differences in laboratory settings were not systematically
assessed. Therefore, there will be future studies that will explore
cross-dataset validation, larger multi-centre datasets, analysis of
computational efficiency, and hybrid CNN/transformers to
further enhance robustness and clinical applicability in real-
world scenarios.

VII. CONCLUSION

This study compared eight convolutional neural networks
and a vision transformer model on a cervical cytology image
dataset. The Vision Transformer (ViT-16) obtained the highest
classification performance, while EfficientNet-BO and
DenseNet-121 also showed relatively strong results, including
onminority classessuch as SCC. Older models like AlexNetand
NIN had more difficulty with class imbalance and deeper feature
learning.

Overall, the findings suggest that models incorporating
attention mechanisms or compound scaling provide advantages
for medical image classification under imbalanced conditions.
Future work may involve fine-tuning transformer models,
exploring ensemble approaches, or integrating domain
knowledge to improve classification reliability. For future
directions, cross-dataset validation and the development of
larger, multi-centre datasets will be pursued

A. Limitations

This study has several constraints. All models were trained
from scratch without pretrained weights, which may affect
generalization. The dataset was limited in size and imbalanced,
especially for SCC, which may have influenced performance. In
addition, results were obtained from a single dataset, and
external validation would be useful for assessing robustness.
Finally, computational efficiency was not the main focus, which
could affect practical deployment in clinical environments.
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