HYBRID ENSEMBLE OF TRANSFER
LEARNING AND CUSTOM CNN
ARCHITECTURES FORAUTOMATED
CLASSIFICATION OF CERVICAL CANCER
CELLS FROM PAP SMEAR IMAGES

Thesis Submitted
in Partial Fulfilment of the Requirements for the
Degree of

MASTER OF SCIENCE

BIOTECHNOLOGY

by
TANU PALIWAL
(24/MSCBI0/13)

Under the Supervision of

PROF. YASHA HASIJA
Professor and Head of Department
Department of Biotechnology
Delhi Technological University

Department of Biotechnology

DELHI TECHNOLOGICAL UNIVERSITY
(Formerly Delhi College of Engineering)
Shahbad Daulatpur, Main Bawana Road, Delhi-110042, India
May, 2026




ACKNOWLEDGEMENT

I would like to express my sincere gratitude to my supervisor, Prof. Yasha Hasija,
Department of Biotechnology, Delhi Technological University, for her invaluable
guidance, constant encouragement, and insightful suggestions throughout the course
of this thesis work. Her support and mentorship greatly contributed to the successful

completion of this study.

I am also thankful to the faculty members and staff of the Department of
Biotechnology, Delhi Technological University, for providing the necessary facilities,

academic environment, and support required for this research.

I extend my heartfelt gratitude to PhD scholars, Ms. Neha, Mr. Shubham Shrivastav
and Ms. Akansha Bisht for their unwavering support and guidance. Their expertise,

patience, and mentorship was truly valuable.

I would like to thank my friends and family for their support and belief in me during

every stage of this work. Their encouragement has always been my greatest strength.

Finally, I express my gratitude to everyone who directly or indirectly contributed to

the completion of this thesis.

TANU PALIWAL
24/MSCBIO/13




DELHI TECHNOLOGICAL UNIVERSITY
(Formerly Delhi College of Engineering)
Shahbad Daulatpur, Main Bawana Road, Delhi-42

CANDIDATE’S DECLARATION

I, Tanu Paliwal, bearing Roll No. 24/MSCBIO/13 hereby certify that the work which
is being presented in the thesis entitled “HYBRID ENSEMBLE OF TRANSFER
LEARNING AND CUSTOM CNN ARCHITECTURES FOR AUTOMATED
CLASSIFICATION OF CERVICAL CANCER CELLS FROM PAP SMEAR
IMAGES” in partial fulfilment of the requirements for the award of the Degree of
Master of Science, submitted in the Department of Biotechnology, Delhi
Technological University is an authentic record of my own work carried out during the

period from January 2026 to May 2026 under the supervision of Prof. Yasha Hasija.

The matter presented in the thesis has not been submitted by me for the award of any

other degree of this or any other Institute.

Tanu Paliwal

24/MSCBIO/13




DELHI TECHNOLOGICAL UNIVERSITY
(Formerly Delhi College of Engineering)
Shahbad Daulatpur, Main Bawana Road, Delhi-42

CERTIFICATE BY THE SUPERVISOR

Certified that TANU PALIWAL (24/MSCBIO/13) has carried out their search work
presented in this thesis entitled “HYBRID ENSEMBLE OF TRANSFER

LEARNING AND CUSTOM CNN ARCHITECTURES FOR AUTOMATED

CLASSIFICATION OF CERVICAL CANCER CELLS FROM PAP SMEAR

IMAGES?” for the award of Master of Science from Department of Biotechnology,

Delhi Technological University, Delhi, under my supervision. The thesis embodies

results of original work, and studies are carried out by the student herself, and the

contents of the thesis do not form the basis for the award of any other degree to the

candidate or to anybody else from this or any other University/Institution.

Date:

Prof. Yasha Hasija

Professor and Head of Department
Department of Biotechnology
Delhi Technological University
Delhi - 110042




“HYBRID ENSEMBLE OF TRANSFER LEARNING AND
CUSTOM CNN ARCHITECTURES FOR AUTOMATED
CLASSIFICATION OF CERVICAL CANCER CELLS FROM PAP
SMEAR IMAGES”

Tanu Paliwal
24/MSCBIO/13

ABSTRACT

Background: The occurrence rate of cervical cancer has been increasing in recent
years and the mortality rates because of it have increased rapidly and can be commonly
seen in women across the world. This is greatly due to the fact that cervical cancer has
no visible symptoms, or it is usually asymptomatic in its early stages. It is detected in
the later stages when it has become malignant and is spreading and causing harm to
other body systems. If it gets detected in early stages, treatment is possible and
effective as compared to later stages. Screening for cervical cancer is usually done
using conventional Pap Smear test in which cervical cells are examined for
abnormalities using microscopic examinations. This process is cumbersome, time
consuming and requires expert pathologists otherwise there will be a lot of variability
and errors in the final results. To address these challenges, the present work aims to
provide an automated and robust system using DTL and ensemble techniques for
accurate classification of cervical cancer.

Methodology: This study uses three pre-trained CNNs - ResNet152, EfficientNetV2-
S, ConvNeXt-Base and a Custom CNN with residual blocks and CBAM attention
mechanism to classify cervical cancer cells of SIPaKMeD dataset into 5-classes. A
novel ensemble of these four base learners was proposed by averaging the predictions
from each of the four models and then finally predicting one class from the dataset for
a given input image.

Result: For the four base learners the accuracy was 96.71%, 95.56%, 94.57% and
90.62% for ResNetl52, EfficientNetV2-S, ConvNeXt-Base and Custom CNN
respectively. The ensemble model in the current research gave a classification accuracy
of 97.53% on the 5-class SIPaKMeD dataset, higher than those of individual base
learners.

Conclusion: The performance of proposed ensemble reflects its superiority over base
learners and to some the previous studies as well. A method for classifying cervical
cancer cells from Pap smear images is provided by the current research project.
Deployment of such systems in real world clinical settings can help medical
professionals for better treatment plans and also improve patient experience.
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CHAPTER 1
INTRODUCTION

Cervical cancer develops in the lower portion of the female reproductive tract arises
from rapid and uncontrolled division of cervical cells, transforming into malignant
tumour with time, spreading, and affecting other body systems [1]. It comes fourth
amongst the most commonly seen cancer cases in the females across the world [2]. In
early stages it is slow growing and usually asymptomatic in nature, which makes its
detection difficult. If detected precisely in early stages, treatment is effective and
cancer can be prevented from becoming malignant.

In most of the cases, HPV (Human Papilloma Virus) infection is the major cause of
the disease in women. Currently, HPV vaccines are there in the market which can be
used as one of the preventive methods [3] [4].

The Papanicolaou Smear test is a detection method for cervical cancer in which
abnormalities in cervical cells are detected through microscopic examinations [5]. One
of the limitations of this is that the procedure is complex, exhaustive and time
consuming, requiring the expertise of a pathologist [6]. As the procedure is manual
and human intervention is there, chances of erroneous results increase. Thus, accurate
screening of cervical cancer requires advanced, automated, and faster methods which
are also reliable to be used in the real world.

Due to the limitations of manual screening methods, research is being done to develop
CAD systems which can analyse the cervical cell images precisely and classify them
accurately into precancerous or cancerous lesions. These systems use DL algorithms
because of their capability of precise classification of cervical cells efficiently [7].
Deep learning techniques are equipped with good feature extraction qualities from
images so they can easily detect subtle changes in the morphology of cell cytoplasm
and nucleus which is sometimes missed using manual methods [8] [9]. One of the
requirements for using these deep learning algorithms is large datasets for training
them. Medical datasets are usually limited and small sized due to privacy and other
concerns.

To overcome this problem of limited medical dataset, Transfer Learning (TL) has
become a widely adopted approach. In TL, a deep learning model is trained on larger
datasets like ImageNet data, and this step is called pre-training. The pretrained model
learns the general features of an image from the larger dataset, and in the next step of
fine-tuning, same model is fine-tuned on a domain specific data to learn domain
specific features. Fine-tuning is done by unfreezing few initial layers of the model to
learn features of the given domain/problem while freezing the weights of remaining
layers. Thus, TL helps in knowledge transfer and improves model performance even
with less amount of data [10][11].




Different models have different strengths, and they make predictions based on those
strengths, capturing different features from the same dataset. To make use of this,
Ensemble techniques can be used. Ensemble is an approach which integrates
predictions generated by multiple individual models (base learner) in order to produce
one single model with better predictions as compared to any single base learner and
thus making the classification more accurate and robust [12]. To construct more
reliable systems for cervical cancer screening and diagnostic applications, ensemble
models are being used these days, as they reduce the errors made by constituent
learners [13] and thus resulting in better overall classification performance.

The primary contributions of the research conducted are summarized as follows:

1.

To achieve competitive performance, a system for robust categorization of
cervical cancer cells employing DL and TL approaches was designed.
ResNet152, EfficientNetV2-S, ConvNeXt Base, and a Custom CNN were
used to form an ensemble that combined the advantages of several deep
learning models.

To the best of our knowledge, ConvNeXt is not used very often for cervical
cell classification, but here we used it as it has features of vision transformer
and achieved good performance for the classification task.

The Custom CNN’s architecture is completely novel with residual connections
and CBAM attention for attending to relevant features.

The model proposed in the study outperformed many of the previous studies
for SIPaKMeD 5-class classification problem.




CHAPTER 2
LITERATURE REVIEW

This chapter gives reviews and analysis of the previous research related to cervical
cancer detection utilizing ML, DL and other computer assisted algorithms.

2.1 Data Augmentation Techniques

Data limitation remains a problem in medical domain; to address this many studies
have used data augmentation techniques by synthetically generating additional
synthetic images to enlarge the dataset. This can be done using traditional
augmentation techniques or using generative models like GANS.

For increasing the size of cervical cytology dataset, [14] proposed a novel
RES DCGAN (residual deep convolutional GAN) and then for classification used
ResNet50V2, Xception, and DenseNetl2]1 with self-attention mechanism.
RES DCGAN helped with data augmentation and self-attention helped the network to
focus on the important discriminative image features. This method improved
performance of classification on SIPaKMeD dataset and helps in increasing the
generalizability of the model.

[15] used GAN-based data augmentation methods to artificially generate new samples
and expand the dataset size. They then incorporated EfficientNet for classification, and
obtained an accuracy of 99.1% using GAN compared to 98.8% using conventional
augmentation techniques.

2.2 Transfer Learning and Pre-trained CNN Architectures

TL helps address the issue of limited size of medical datasets. Pre-trained models can
be used to learn generalized features of an image and that knowledge can later be
transferred to do domain specific classification using fine-tuning of pre-trained
models.

Kaur et. al. [11] compared many pre-trained DTL models using pap smear datasets
(Herlev and STPaKMeD) for classification of cervical cancer cells to see which TL
model is giving good performance over others and can be used for proper screening.
The results revealed that ResNet50 performed well for Herlev and VGG16 and
DenseNet121 were good for SIPaKMeD.

[16] conducted a study using various pre-trained CNNs for classification of cervical
cells on SIPaKMeD and Herlev datasets. They demonstrated that for classification of
WSI cervical cells, segmentation is not necessary. This idea resulted from the




experiments that were conducted with segmentation, and their performance was not
good compared to without segmentation.

The authors of [17] proposed a multi-deep transfer learning approach with smoothing
cross entropy for detection of cervical cancer cells properly. The approach follows four
stages — pre-processing of the images, extraction of features using various TL models
and their fusion, PCA for feature reduction and finally classification using cross
entropy loss. The model gave a competitive performance of 97% on SIPaKMeD
dataset.

Hashem et. al. [18] stressed on the data imbalance challenges faced during
classification of medical image data. They conducted their study on SIPaKMeD
dataset’s two distributions using DL models (ConvNets and Vision Transformers). The
five-class distribution is balanced and achieved an accuracy of 100% by fine tuning of
DenseNet-121 and EfficientNetv2 B0 while for two-class classification accuracy was
98.09% depicting a decrease in performance of the model with imbalanced dataset.

2.3 Custom CNN Architectures for Cervical Cell Classification

Several researchers have used ML and DL models trained from scratch or with some
constraints. A multi-structural CNN, CerviXpert was given by [19] which was trained
from scratch with limited convolutional layers and dense layers. When compared to
SOTA CNN:s, the system's ability to balance computational economy and accuracy
made it suitable for deployment in resource-constrained applications.

DeepCELL, a deep convolutional neural network given by Fang et. al. [20]
automatically classifies cervical cell images by utilizing learned feature
representations from many kernels of varying size. Performance evaluation shows an
accuracy level of 95.628% for the SIPaKMeD dataset and a decent performance on
Herlev dataset as well.

A lightweight model named CCanNet was introduced by [21] with only 1.27M
parameters and performance like other transfer learning and transformer-based
models. The model was an integration of blocks containing residual connections,
squeeze connections and skip connections. For enhancing the trust and reliability of
the model, explainability was introduced by use of GradCam and thus making model
predictions more transparent.

[22] proposes A2SDNet121 model which is a DenseNet121 with additional features.
SE module is there to focus on nucleus and size of kernel is different and Atrous Dense
Block is added to extract global and local features. The performance on SIPaKMeD
dataset was good with accuracy >99% for multiclass classification.




These works demonstrated that custom CNNs with specific features trained from
scratch achieves performance comparable to pre-trained CNNs.

2.4 Hybrid and Feature Fusion Based Methods

Hybrid learning approaches use both the DL and conventional ML approaches to build
models with great outputs.

Chauhan et. al. [23] applied a Hybrid Learning Network on WSI of cervical cancer.
They used ResNet-152 and VGG-16 for training the data that was expanded and
resized to 224 x 224, 512 x 512 and 1024 x 1024. The concatenated features from two
models were reduced by PCA (Principal Component Analysis). Then ML models
(SVM and Random Forest) with majority voting were used for final classification.

A hybrid deep feature concatenated network (HDFCN) was given by [24] which
implements two step data augmentation and combining the features coming after fine
tuning of DL models. This was done on WSI of SIPaKMeD dataset for which the
accuracy of classification was 97.45% for 5-class and 99.29% for 2-class.

2.5 Ensemble Learning Techniques

Ensemble learning is an emerging technique as it combines the strengths of different
models and helps produce models that are more robust and have better performance
and generalizability than base learners.

Hanzala et. al. [10] used four D-CNNs and four TL models and then compared their
performances. Based on the performance evaluation they proposed a novel ensemble
AZL using AlexNet, ZfNet and LeNet. The ensemble gave an accuracy of 99.92% for
cervical cancer classification, better than individual D-CNN or TL models.

[12] proposed an ensemble model that achieves better performance than individual
base learners (CNN, AlexNet, SqueezeNet) for categorization of squamous cells of the
cervix into five classes.

[13] proposed an ensemble model with three base classifiers — Inception v3, Xception
and DenseNet-169. A fuzzy rank-based ensemble of the base learners was used to
increase the performance of the ensemble model on the SIPaKMeD and the Mendeley
LBC datasets. The model was also tested on Zenodo 5K dataset to justify its
performance.

A fuzzy distance-based ensemble was given by [25], with performance of 96.96%
which was higher than those of the base learners (Inception V3, MobileNet V2 and




Inception ResNet V2) where some additional layers learning specific features of the
data were incorporated. The final prediction is based on the minimum distance (loss)
for each classification.

DeepCervixNet, an ensemble of ResNetl0l and DenseNetl169 incorporating SE
(sequence and excitation) blocks was introduced by [26]. It gave a competitive
performance of 99.89% for classification of cervical cells using Herlev dataset.

[27] uses U-Net for segmentation of the image and then classify it based on the
prediction of an ensemble. The model was tested on 3 different datasets and for
SIPaKMeD’s binary classification, ensemble achieved an accuracy of 99%.

[28] used pre-trained CNNs for extraction of the features and PCA for reducing the
number of dimensions and then classifying using an ensemble of different ML
algorithms. The accuracy level 0£97.03% (2-class) and 96.67% (5-class) was obtained
using the model.

2.6 Emerging DL Trends in Detection of Cervical Cancer

Current research is also exploring advanced trends of deep learning like use of
reinforcement learning and vision transformers. Vision transformers are based on
attention mechanism which help focus on the important regions of an image for better
classification performance.

RLCancerNet (Reinforcement Learning Cancer Network) is a novel framework
introduced by [29] which combines CNN with reinforcement learning algorithms.
EfficientNetV2 was the base model combined with supporter blocks for better
performance.

[30] conducted a comprehensive comparison of 40 CNNs and 20 ViT models on
SIPaKMeD with some augmentation and ensemble approaches. The results
highlighted that Vit-based models outperformed CNN-based models and exceeds the
results of previous studies.

2.7 Research Gaps

Previous studies have reported strong performance for classification of cervical cancer,
though limitations are there. Most of the approaches don’t combine strengths of
different CNN families, relying only on one or two of them. Lightweight models are
being used in some approaches but they compromise on accuracy of the model. Some
of the ensemble approaches demonstrate great performance but using closely related




architectures, thus reducing the diversity in learning of models. Moreover, attention-
based architectures are less explored in this field of cervical cancer classification.

Therefore, the current research proposes a hybrid ensemble framework combining
heterogenous TL models and a custom CNN with residual blocks and CBAM attention
mechanisms to complement each other and classify cervical cells accurately.

A summary of few of the above works is presented in Table 1 for better understanding
of the previous literature.

Table 1: A comprehensive analysis of previous studies for automated cervical cancer
classification of cervical cancer

Key Models /
Reference | Approach Techniques Dataset(s) Performance
Hybrid
ensemble of D-| AZL ensemble | Cervical 99 929
[10] CNN and | (AlexNet + ZFNet | cancer acéurag
transfer learning | + LeNet) dataset y
models
16 DTL models Best-
Comparison of | (ResNet50 best on Herlev performing
[11] pre-trained DTL | Herlev; VGG16 & SIPaKi\/IeD models
models DenseNet121 best identified  per
on SIPaKMeD) dataset
98.55% and
o
Inception v3 + | SIPaKMeD, 93.43%
Fuzzy rank- . accuracy of
Xception + | Mendeley
[13] based ensemble ensemble for 2-
of CNNs DgnseNet-169 . LBC, class and 5-
with fuzzy ranking | Zenodo 5K
class
respectively
Reinforcement-
learning- EfficientNetV2 Herlev. 99.7% accuracy
[29] enhanced CNN | base + supporter SIPaKi\/IeD of proposed
framework blocks + RL model
(RLCancerNet)
Custom 98.6% accuracy
Multi-structural lishtweicht CNN (5-class)  and
[19] CNN  trained | & "C'& SIPaKMeD | 98.04%
(limited conv +
from scratch accuracy  (3-
dense layers)
class)
Fuzzy distance- Inception V3 + 96.96%
[25] y MobileNet V2 + | SIPaKMeD | accuracy of
based ensemble .
Inception ResNet ensemble




V2 + task-specific
layers; min-
distance voting

Large-scale

comparison of i N ViT models
CNNs vs. ViTs 40 CNN based outperformed

[30] . 20 ViT-based | SIPaKMeD )
(with models CNNs and prior
augmentation & SOTA
ensembles)

Accuracy of
. . 99.29% (2-
Hybrid learning
..~ | ResNet-152 + class) and
network  with VGG-16; PCA SIPaKMeD, 08 47% (5
[23] feature . Mendeley
. reduction; SVM + class) for
concatenation + . . LBC
ML voting RF majority voting SIPaKMeD
dataset; 100%
for LBC dataset
Deep —learning ConvNets & ViTs SIPakMeD 100% (5-class);
models (5-class & 2-

[18] . on balanced vs. 98.09% (2-
addressing - data imbalanced data class class)
imbalance distributions)

Hybrid deep | Feature ‘ SIPaKMeD
feature concatenation of WSI (5-class 97.45% (5-
[24] concatenated fine-tuned DL class), 99.29%
&  2-class),
network models + two-step LBC (2-class)

(HDFCN)

data augmentation




CHAPTER 3
METHODOLOGY

The given chapter highlights the dataset used for the experiment, preprocessing done
on the images, base learners used and the ensemble that was proposed for the
experiment.

3.1 Dataset Description

The publicly available dataset SIPaKMeD was used for the research. It is made up of
4049 individual cell images that were extracted after cropping them from 966 pap
smear slides of cervical tissue. It is divided into five classes: Superficial-Intermediate
(SI), Parabasal (Pa), Koilocytotic (K), Metaplastic (Me), and Dyskeratotic (D). They
can also be classified into three classes with Superficial-Intermediate and Parabasal
cells being classified as normal or non-cancerous cells, Metaplastic as benign and
Koilocytotic & Dyskeratotic as abnormal cells [16] [31]. The distribution of images
per class is presented in Figure 1 using bar graph. Few of the raw sample images before
transformation for each of'the five classes are shown in Figure 2. The dataset was taken
from https://www.cs.uoi.gr/~marina/sipakmed.html.

1Ejlass Distribution in Dataset

g
(28.113%) (20.4%) 793 787 (20.5%)

800 A

700 4

600 A
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Count

400 A
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200 A
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Fig. 1: Distribution of images in each class of the dataset
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Fig. 2: Raw images for each of the dataset's five classifications

3.2 Data Preprocessing and Data Augmentation

The data was divided into subgroups for testing (15%), validation (15%), and training
(70%) for balanced class representation across subgroups. This was done to provide
sufficient samples for training the model, for hyperparameter tuning and performance
evaluation. After splitting, 2834 training, 607 validation and 608 test images were
obtained. The categorical labels were encoded to numeric ones using label encoding
for compatibility with models.

The preprocessing steps applied before data augmentation included edge preserving
smoothing using OpenCV which reduces the noise and helps preserve the boundaries
of cells in the images which is critical for classification. Channel wise CLAHE
enhancement was applied to LAB colour space to enhance local contrast for better
visibility of nuclei and cytoplasm for better morphological features.

To increase the dataset, enhance model generalization, and lessen overfitting,
augmentations were only used on the training set. This was done using Albumentations
library. The transformations applied were:
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e Affine (rotation £15°, scaling 0.8-1.2x, translation +15%, shearing £2°, p=1.0)
- geometric transformation technique used to increase dataset diversity, reduce
overfitting and increase robustness of the model. With 100% probability each
sample is transformed, and model sees a variation of that sample.

e Horizontal and Vertical Flips (p=1.0) - flips the image along its vertical and
horizontal axis respectively with 100% probability [32].

e CLAHE [33] with clip limit 1-10, tile size 3x21 with 50% probability — helps
enhance local features of the image while reducing noise.

After augmentation, each image was adjusted to a fixed size of 224 x 224, normalized
to [-1,1] using mean (0.5, 0.5, 0.5) and standard deviation (0.5, 0.5, 0.5) and were
converted to PyTorch tensors.

The size of validation and test sets were not increased using augmentations and only
resizing, normalization and conversion to tensors were applied for consistent
evaluation across all the images.

This preprocessing pipeline was designed to ensure that cytological features are
enhanced while preserving the morphology of cells, for models to understand and
classify them properly giving robust performance.

3.3 Base Learners
3.3.1 ResNet152

ResNet152 is a variant of ResNet family of deep learning CNNs with 152 layers. The
problem with very deep networks is that performance decreases with increase in the
number of layers but ResNet152 tackles it well by using identity mapping from one
layer to the next by incorporating residual connections. This helps to improve the
decreasing accuracy with deeper architecture and also helps with vanishing gradient
problem during backpropagation for weight updation. The first 7 x 7 convolution and
pooling layers of the design are followed by numerous bottleneck residual blocks of 1
x 1,3 x3,and 1 x 1 convolutions, average pooling, and the final classification layer
[34]. The architecture of ResNetl152 trained on ImageNet dataset is represented in
Figure 3.
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Input Conv 1l conv2_x conv3_x convd_x conv5_x Avg Pool FC Softmax

224 x 224 7x7, 64 ch 3 blocks 8 blocks 36 blocks 3 blocks Global 1000 units 1000 classes

RGB image stride 2, BN+RelU 256 channels 512 channels 1024 channels 2048 channels 7 fully connected

112x112%64 56x56%64 56x56x256 28%28x512 14x14x1024 Tx7%2048 1x1Ix2048 1x1000 Prediction

Fig. 3: Architecture of ResNet152 (Classes are 1000 as it is trained on ImageNet
dataset, after fine-tuning to current dataset 5 classes are there)

3.3.2 EfficientNetV2-S

EfficientNetV2-S is a member of EfficientNetV2 family, which demonstrates faster
training with efficient parameters. It utilizes a combination of both MBConv and
fused-MBConv in the initial layers of the model. For better channel-wise feature
recalibration, MBConv employs depth-wise separable convolutions with SE (squeeze
and excitation) methods. The fused-MBConv uses standard convolutions instead of
depth-wise to enhance training speed. The architecture starts with 3 x 3 convolutions
followed by fused-MBConv and MBConv blocks and terminating with a 1 x 1
convolution, a pooling layer and a final classification head [35]. Figure 4 shows the
architecture of EfficientNetV2-S model, trained on ImageNet dataset with 1000
classes.

Fused-MBConv Stages (1-3) MBConv + SE Stages (4-6)

Input Stem Stage 1 Stage 2 Stage 3 Stage 4 Stage 5 Stage 6 Head Conv Pool+FC Softmax

384x384 3x3 Conv Fused-MBConv Fused-MBConv Fused-MBConv MBConv + SE MBConv + SE MBConv + SE 1x1 Conv Global AvgPool 1000 classes

RGB image 24 ch, stride 2 x2,exp=1,24ch [l x4, exp=4,48ch W xd exp=4 64ch [ x6 exp=4,128ch [l x9, exp=6,160ch [l x15, exp=5, 256 c [| 1280 channels FC 1000

192x192x24 192x192x24 96x96x48 48x48x64 24%24x128 24x24x160 12x12x256 12x12x1280 Prediction

Fig. 4: Architecture of EfficientNetV2-S (Classes are 1000 as it is trained on
ImageNet dataset, after fine-tuning to current dataset 5 classes are there)

3.3.3 ConvNeXt-Base

ConvNeXt has a CNN base with some features from modern vision transformers to
improve performance. A standard CNN, ResNet was redesigned with ViT features but
without attention mechanism to give ConvNeXt model. It uses ConvNeXt blocks
which are composed of large (7 x 7) kernel size depthwise convolutions, batch
normalization replaced with layer normalization, and ReLU activation replaced with
GELU to improve feature extraction. It also employs inverted bottleneck design for
enhanced efficiency. The network begins with a 4 x 4 patchify non overlapping
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convolution followed by many ConvNeXt blocks stacked one by one and ends with a
global average pool layer and a final linear classification head [36]. The design of
ConvNeXt-Base is illustrated in Figure 5.

Stage 1 Stage 2 Stage 3 (x27 — deepest) Stage 4

Input Stem Stage 2 Head FC+Softmax

24x224 4x4 Conv ConvNeXt x3 ConvNeXt x3 ConvNeXt x27 ConvNeXt x3 Global AvgPool 1000 classes

RGB image 128 ch, stride 4 128 channels -+ 256 ch, stride 2 256 channels - 512 ch, stride 2 512 channels -+1024 ch, stride 2 1024 channels LayerNorm

56%56x128 56x56x128 28x28%256 28x28%256 14x14x512 14x14x512 Tx7x1024 7x7x1024 1xIx1024 Prediction

Fig. 5: Architecture of ConvNeXt-Base (Classes are 1000 as it is trained on
ImageNet dataset, after fine-tuning to current dataset 5 classes are there)

3.3.4 Custom CNN

The custom CNN named ResidualCNN CBAM was designed as a residual CNN with
CBAM [37] to improve the discriminative feature learning process for cervical
cytology. Architecture begins with a convolutional stem having 64 kernels of 7 x 7
size. Batch normalization, ReLU activation, and max pooling layers come after the
stem. This stage helps in extracting basic features of an image like edges, textures etc.

After stem stage, there are three residual layers with progressively increasing feature
channels. The number of channels increases from 64 to 128 in the first layer and it has
three residual blocks. The second layer increases the channels from 128 to 256 and has
three residual blocks. The final and third layer increases channels from 256 to 512 with
two residual blocks. The first residual block of each layer has the function of down
sampling and remaining blocks preserve the dimensions. This architecture helps in
learning complex morphological features of cervical cells.

Each residual block is made of two 3 x 3 convolutions with batch normalization and
activation by ReLU after first convolution and after residual addition. A shortcut
connection is used to add original input to transformed output to maintain gradient
flow. When spatial dimensions change, a 1 x 1 convolution with batch normalization
is used to fix the mismatch of dimensions before and after addition.

CBAM is used in each residual block,z having both channel and spatial attention. The
channel attention utilizes average pool and max pool which are passed through multi-
layer perceptron and activated by sigmoid activation to give important feature
channels. The spatial attention uses average and max pooled feature maps across
channel dimension, concatenates them, applies 7 x 7 convolution and activate using
sigmoid function to give important spatial regions. The attention provided by CBAM
module helps focus on relevant areas of the cervical cell image for better classification.
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Finally, after residual-attention stages is the adaptive average pool to reduce the
number of feature maps to a 512-feature vector. This vector is passed through classifier
having a linear layer with 256 neurons, ReLU activation, dropout with value 0.7 for
regularization and reducing overfitting and a final linear classification head with five
classes of SIPaKMeD dataset. Figure 6 represents the architecture of Custom CNN
with residual blocks and CBAM.

Residual Stages with CBAM Attention

Input Stem Layer 1 Layer 2 Layer 3 GAP Classifier Output

3-channel Conv 7x7/s2 3x ResBlock 3x ResBlock 2x ResBlock Global Avg Pool FC 512-256 FC 256-5

224 x 224 RGB BN - ReLU - MaxPool/s2 64-+128ch - CBAM 128-256¢ch - CBAM 256-512ch - CBAM 512x1x1 RelU - Dropout 0.7 Softmax

64ch - 56x56 128ch - 28x28 256¢h - 14x14 512ch - 7x7 512-d 256-d 5 Classes

Fig. 6: Architecture of Custom CNN

3.4 Proposed Ensemble

To make the process of cervical cancer cell classification more robust, the predictions
of individual base learners were combined into one to give an ensemble model. The
ensemble consists of four trained models - ResNet152, EfficientNetV2-S, ConvNeXt,
and Custom CNN. Each base learner has its own strengths depending on the
architecture so they capture different features and helps in making the final decision
while reducing any errors from any of the individual model.

In the proposed ensemble, element-wise averaging method was implemented. For a
given input image, each model gives an output vector (logits). The logits obtained from
each model were combined by averaging technique to give final prediction, thus
ensuring equal contribution from individual models.

Mathematically, averaging technique for the ensemble can be represented as follows:

1
Zfinal = ZZ Zj

i=1
where zgi,q; 1s the final output of the ensemble and z; is the output from i base learner,
withi € {1, 2, 3, 4}.

The final prediction for an input then becomes the class label corresponding to the
maximum value in the logit vector obtained from the ensemble model. The averaging
technique was chosen for ensemble as it is simple to implement but highly effective in
function. Thus, it helps improve performance of classification by diminishing
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individual model biases. Figure 7 illustrates the design of proposed Ensemble Model
and how the ensemble is made to do the classification task.

Input Image (224 x 224 x 3)

Custom CNN

EfficientNetV2-S ConvNeXt-Base )
(ResidualCNN-CBAM)

|

Logits (5-d) Logits (5-d) Logits (5-d) Logits (5-d)
y

Ensemble Model
Average Logits= (Li+ L +Ls+ L) /4

l

Predicted Class (1 of 5)

Fig. 7: Architecture of Proposed Ensemble Model

3.5 Evaluation Metrics

To assess how well the ensemble and individual base learners classified cervical cells
in the SIPaKMeD dataset, some quantitative metrics were used. To calculate these
metrics, TP (True Positives), TN (True Negatives), FP (False Positives), and FN (False
Negatives) need to be defined. TP means a sample that is of positive class and
classified correctly as positive. TN denotes the classification of a negative class sample
as positive. FP denotes a negative class sample that has been categorized as positive.
FN indicates a sample of positive class being classified as negative. In the present
research, following evaluation metrics were used.

Accuracy

Accuracy is the main metric to judge the correctness of a model. It is described as the
ratio of all true predictions to all of the model's predictions. This is how it is computed:

| - TP + TN
CCUracY = Tb X TN+ FP + FN
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Apart from accuracy, precision, recall, and F1-score were also computed to analyse
model performance better. They were computed using macro-averaging approach as
it ensures that all the classes are equally treated without any bias as each class has its
own significance in medical domain.

Precision

Precision is a metric which evaluates the actual positives from the total predicted
positives by the model. It is computed by given formula:

TP

p ., . -
recision TP + FP

Recall

Recall also called sensitivity gives a ratio of true positive classification to the actual
number of samples belonging to positive class. This metric is important for medical
domain where minority/disease classes should be looked upon carefully. It is computed
using following formula:

TP

Recall = TP+—FN

F1-score

The harmonic mean of recall and precision is the F1 score. It is calculated as follows
and provides a fair assessment of the model's categorization performance:

Precision. Recall

F1=score =2+ Precision + Recall

In addition to above stated metrics, confusion matrix was also used for performance
analysis. It provides a report of misclassifications done by the model for different
cervical cancer cell classes and tells which classes may look similar for model to
distinguish between them and get confused. Apart from confusion matrix, loss and
accuracy plots for train and validation datasets were also plotted for comparison.

To further evaluate the model, ROC and AUC curve were also computed for the
ensemble model for each class using one-vs-rest approach. It helps determine how well
a model can differentiate between different classes at different classification
thresholds. The value of AUC closer to 1 indicates better classification.
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3.6 Implementation Details

PyTorch framework was used to carry out all the experiments, along with few other
libraries including OpenCV for image processing and Albumentations for data
augmentation. The training and evaluation of models was done using Python based
environment. For visualisation, libraries like Matplotlib and Seaborn were used for
generating visually appealing plots and graphs for better understanding and clarity of
the results.

The batch size of 32 was used for processing the dataset for batch wise training.
ResNet152 was trained for 30 epochs. ConvNeXt was trained for 40 epochs and both
EfficientNetV2-S and Custom CNN were trained for 50 epochs. The best model
weights were saved for each model based on the validation performance.

Different optimizers were used for the process of optimization. For all the three pre-
trained models, Adam optimizer was used for better learning rates and faster
convergence. The AdamW optimizer was selected for Custom CNN because it
separates the gradient update process from weight decay, improving regularization,
stable training, and generalization.

Custom CNN was first trained with a learning rate of 0.001, and when the validation
set's performance plateaued, ReduceLROnPlateau, a learning rate scheduler, was used
to lower the learning rate. A learning rate of le® was used for ResNet152 and for
EfficientNetV2-S and ConvNeXt Ir of 1e™ was used.

Since the cross-entropy loss function is appropriate for multi-class classification
problems, it was utilized in all models. Label smoothing (0.1) was used to reduce the
overconfidence of the model and for improving generalization. Class weights were
also employed in the loss function calculation to account for any imbalance of minor
class in the dataset.

The training of all the models was done using the same train, validation and test split
to ensure uniformity and fair comparison. The experiments were run on a system
enabled with GPU to make training and evaluation faster and easier, so that
computationally intensive tasks can be handled easily.
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CHAPTER 4
RESULTS AND DISCUSSION

In order to verify the robustness of the suggested approach, this section shows the
results of the research carried out during the study and compares them with the current
approaches found in the literature.

The evaluation metrics for ResNet152, EfficientNetV2-S, ConvNeXt-Base, Custom
CNN and Proposed Ensemble are given in Table 2.

Table 2: Four base learners (ResNet152, EfficientNetV2-S, ConvNeXt-Base, Custom
CNN) and the proposed ensemble's accuracy, precision, recall, and F1-score

Model Accuracy (%) | Precision Recall F1-Score
ResNet152 96.71 0.9674 0.9673 0.9672
EfficientNetV2-S 95.56 0.9562 0.9560 0.9555
ConvNeXt-Base 94.57 0.9455 0.9460 0.9453
Custom CNN 90.62 0.9102 0.9071 0.9059
Proposed Ensemble | 97.53 0.9758 0.9757 0.9751

The results of the experiment point to the fact that proposed ensemble achieved the
best performance compared to base learners across all the evaluation metrics. It means
combining different models with their specific strengths and architectures help
improve the ensemble’s performance.

The individual base learners demonstrated robust performances on their own. Among
them, the strongest was ResNetl152 followed by EfficientNetV2-S. The ResNet’s
architecture of deep residual network helped it achieve competitive performance.
ConvNeXt’s architecture inspired from vision transformers, helped it achieve decent
performance. Custom CNN, although simpler compared to pre-trained architectures
performed well by incorporating attention mechanism for specific task.

The ensemble was able to achieve such great performance due to the heterogeneity of
the individual learners used. Each model captures different aspects of the cervical cell
image. Thus, after averaging the predictions of different models, the bias and variance
are reduced in the ensemble model showcasing better performance.

Accuracy during training and validation and loss plots also helps a lot in the
performance analysis of the model. They record how a model is performing on the
train dataset and then how its performance changes on validation dataset which is
usually unseen by the model.
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Train accuracy initially is low as the model is looking at the dataset for the first time,
but as training progresses, it should usually increase with the epochs. The model's
predictions on the unobserved validation dataset are represented as validation
accuracy. It shows how well a model is generalizing to the data that was not seen by
the model. It also helps analyse whether a model is overfitting or not i.e. is it learning
the patterns or memorizing the data. If the training accuracy increases and the accuracy
of the validation set is significantly less than the train accuracy, it shows overfitting.

The loss is a metric which measures how far is the prediction from true value. Initially,
training loss is high because the model is looking at the data for the first time, gradually
with more number of epochs loss decreases as the model starts learning the relevant
patterns in the samples. Validation loss is the error made by the model on unseen
validation dataset. This helps in assessing model’s generalizability and performance
on real world data. Overfitting of the model happens when training loss is reducing
but loss of the validation set is still increasing. So, both training and validation losses
need to be tracked properly for a good model performance for its applicability in the
real-world.

The accuracy and loss charts for ResNetl52 during training and validation are
displayed in Figure 8. For EfficientNetV2-S, similar plots are shown in Figure 9 while
for ConvNeXt-Base and Custom CNN, accuracy and loss plots are illustrated in Figure
10 and Figure 11 respectively.
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Fig. 8: ResNet152 training and validation loss and accuracy plot




Loss

Loss

Training and Validation Loss (EfficientNetv2_s)

20

Training and Validation Accuracy (EfficientNetv2_s)

0.9

0.8 4

0.7 4

0.6

0.5

0.4

—— Train Loss
Validation Loss

1.00 -

0.95 4

o
o
o

Accuracy

e
@
]

0.80 -

0.75 -

—— Train Accuracy
Validation Accuracy

10 20 30 40 50
Epochs

10 20 30 40 50
Epochs

Fig. 9: EfficientNetV2-S training and validation loss and accuracy plot
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Fig. 11: Custom CNN's training and validation loss and accuracy plot

Confusion matrix helps in assessing the misclassifications done by the model. It helps
understand which classes have similar morphological features and the model is not
able to distinguish between them properly and is confused about which class to assign
to a sample. Confusion matrix for ResNet152 is presented in Figure 12. Figure 13
shows confusion matrix for EfficientNetV2-S, similarly confusion matrix for
ConvNeXt-Base, Custom CNN and ensemble are also shown in Figure 14, Figure 15
and Figure 16 respectively.
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Fig. 12: Confusion Matrix for ResNet152
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From the confusion matrix of different models and the final ensemble model, it is
visible that class ‘Koilocytotic’ is misclassified most of the times by every model to
some other class, usually Metaplastic or Dyskeratotic. It means model finds it difficult
to learn distinguishing features of Koilocytotic class properly.

ROC-AUC curve for ensemble is given in Figure 17. It displays the True Positive Rate
versus False Positive Rate per class (one vs rest). AUC of 1 means perfect
classification. From the figure and confusion matrix of ensemble model, it is clear that
classes ‘Superficial-Intermediate’, ‘Parabasal’ and ‘Dyskeratotic’ are perfectly
classified while classes ‘Metaplastic’ and ‘Koilocytotic’ have few misclassifications,
decreasing their AUC.
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Fig. 17: ROC-AUC Curve for the Proposed Ensemble

A comparison of the proposed ensemble with other models from the literature for the
classification of cervical cancer cells is shown in Table 3. Gangrade et al. [12]
proposed a novel ensemble with CNN, AlexNet and SqueezeNet that produced a 94%
classification accuracy for cervical cancer. Manna et al. [13] created an ensemble with
Xception, DenseNet-169, and Inception V3, utilizing fuzzy rank-based fusion of the
separate learners. The accuracy was 95.43% on SIPaKMeD’s 5-class classification
task. Pramanik et al. [25] provided a fuzzy distance-based ensemble of Inception V3,
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MobileNet V2, and Inception ResNet V2 and some additional layers in each model for
learning specific features of the given dataset. This proposed model achieved a
competitive accuracy of 96.96% compared to base learners. Sahoo et al. [38] gave a
method combining three pre-trained CNNs into an ensemble with some advanced data
augmentation techniques. Kudva et al. [39] demonstrated a method using hybrid
transfer learning technique. In this model, they trained a CNN from scratch using
initial weights as those identified from pre-trained CNNss filters’ which were relevant
for the task of classification that need to be performed. The proposed ensemble gave
an accuracy of 97.18% on the SIPaKMeD dataset.

Table 3: A comparison of the proposed ensemble model's performance with a few
previous research studies

Method Dataset Performance | Reference
Ensemble of CNN, AlexNet and | SIPaKMeD 94% accuracy | [12]
SqueezeNet

Fuzzy rank-based fusion of | SIPaKMeD 95.43% [13]
Inception V3, Xception, and accuracy  (5-
DenseNet-169 ensemble class)

Inception V3, MobileNet V2, and | SIPaKMeD 96.96% [25]
Inception ResNet V2 fuzzy accuracy
distance-based ensemble

Ensemble with advanced data | SIPaKMeD 97.18% [38]
augmentation accuracy

Novel Hybrid Transfer Learning | Cervical cell | 91.46% [39]
Technique images accuracy

CASPNet SIPaKMeD 97.07% [40]
Proposed Model SIPaKMeD 97.53% -
Discussion

In order to improve performance and automate the process, the current study presents
a method for classifying cervical cell images as either cancerous or non-cancerous
utilizing contemporary deep learning frameworks. The idea of combining different
CNN architectures into an ensemble gave good results as can be seen through
ensemble performance. The performance of both base learners and ensemble was
good, thus adding to the reliability of the approach. For its use in real world settings,
more deep research with good quality real world data is required for deployment.

Though the study conducted shows strong performance, certain limitations remain
which need to be looked upon in the upcoming studies. The size of the dataset used
was limited which may not be a true representation of diversity in the real-world data,
thus impairing the model's capacity to effectively generalize to actual clinical
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scenarios. Therefore, more varied data is needed to train DL models. The architectures
used for base learners were quite heavy for real world deployment. Thus, focus should
be on deployment of lightweight models without compromising the model’s
performance. The ensemble technique used was equal weight averaging which is
simple and may not represent strengths of individual models properly, so advanced
techniques should be explored for improvements.
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CHAPTER S
CONCLUSION AND FUTURE SCOPE

The current study used the SIPaKMeD dataset to present an ensemble model based on
deep learning techniques for the categorization of cervical cancer cells. The approach
combined four heterogenous base learners — ResNet152, EfficientNetV2-S, ConvNeXt
and Custom CNN with attention mechanism (CBAM) to form an ensemble enhancing
the performance of overall model.

The ensemble was created using the averaging technique, which simply averages the
predictions from various distinct models to get a single final output. The results reveal
that ensemble outperformed individual models across the measured evaluation metrics
with an accuracy 0f 97.53%. Thus, it shows that combination of different models helps
extract complementary features from the image, enhancing the -classification
performance.

Despite strong current approach, future works can have more improvements. Dataset
limitation can be overcome to a certain extent by use of synthetic image generation
[41]. For better image classification transformer-based architectures should be
incorporated. A proper separate real world cervical cancer dataset should be used for
validation. For deployment in real world, such models should be built which are
lightweight without compromising on the model’s efficiency and accuracy [42]. The
models used should not be a black box, so interpretability should be added to model
predictions using explainable Al techniques for making the system more robust for
deployment in real world clinical settings [43].
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