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Abstract: Colposcopy image classification is vital for early cervical cancer detection, yet it remains challenging

due to the significant variation in lesion appearances. Although deep learning models have advanced medical

image classification, few studies have explored combining different model architectures to enhance diagnostic

accuracy in colposcopy. This study addresses this gap by proposing a lesion-specific, multi-branch architecture that

integrates attention mechanisms, deep feature extraction, and ensemble learning. Multi-task learning is employed

to manage multiple lesion-specific classification tasks, while an ensemble of classifiers—Logistic Regression,

XGBoost, and CatBoost—enhances decision-making accuracy. The architecture includes deep learning branches

using EfficientNetB0 and MobileNetV2 for rich feature extraction from colposcopy images, with their outputs

combined through a soft voting ensemble. Hyperparameter tuning, k-fold cross-validation, PCA visualization,

and AUC plots for multiclass performance were used to optimize and assess model effectiveness. Training and

validation accuracy were tracked in two phases: after the training phase, training accuracy reached 97.85% and

validation accuracy was 97.33%; after the final ensemble classification, training accuracy improved to 99.95%

and validation accuracy to 99.85%, surpassing individual model performance and demonstrating enhanced

generalization. This model shows substantial promise for improving colposcopy classification accuracy, providing

a valuable tool for clinical decision support in cervical cancer diagnosis.

Keywords: cervical cancer; deep learning; ensemble approach; classifiers; hyperparameter fine tuning; K-fold

cross validation

1. Introduction

Despite being preventable if caught early, women are disproportionately affected by cervical
cancer globally [1]. It happens when abnormal cells around the womb develop into cancer, mainly
because of HPV. Within the cervix, glandular cells give way to squamous cells through a normal
process [2]. These cells may develop abnormalities and eventually turn into cancer if they are exposed
to HPV [3].

Deep learning is a branch of artificial intelligence and machine learning that mimics how the
human brain gathers data and creates patterns for use in decision-making [4]. It incorporates multilay-
ered neural networks that are capable of autonomous learning and intelligent decision-making [5].
It is an effective tool for creating complex models that can carry out operations that were previously
believed to be exclusive to human intelligence, as it is able to learn from vast volumes of data [6].
EfficientNetB0 is a highly efficient convolutional neural network designed using a compound scaling
method that optimizes depth, width, and resolution to reach best accuracy while reducing parameters
and computational costs. [7]. MobileNetV2 is a lightweight, efficient neural network architecture
optimized for mobile and embedded devices, using depthwise separable convolutions and an inverted
residual structure to reduce complexity and memory requirements [8]. Classifiers [9] are algorithms
used to categorize data into predefined classes by learning patterns from labeled datasets [10]. The
complexity of the data and the classifier type determine how well they work, and they can be either
linear or non-linear. A prevalent linear classifier is Logistic Regression used to reduce overfitting. XG-
Boost [11]is a non-linear known for its high performance on structured data. CatBoost [12] is another
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gradient boosting classifier specifically optimized for handling categorical features, which reduces
preprocessing time. An ensemble [13]-[14] approach in machine learning involves combining multiple
models to improve overall performance, such as accuracy, robustness, and generalization, compared
to using individual models [15]-[16]. The key idea behind this technique is that different models may
capture different aspects of the data, and by integrating them, their strengths can complement each
other, while minimizing individual weaknesses [17]-[18]. Hyperparameter fine-tuning is the process
of optimizing the hyperparameters of a machine learning model to improve its performance [19] -[20].
Unlike model parameters, which are learned during training (such as weights in neural networks),
hyperparameters are set before the learning process and govern aspects like learning rate, batch size,
number of layers, and regularization strength [21]. Fine-tuning typically involves adjusting these
hyperparameters to find the best combination for the model’s performance. K-fold cross-validation is
a robust method to evaluate the performance and generalization of a machine learning model [22]-[23].
It helps avoid overfitting and gives a better estimate of model performance on unseen data.

Experiments are constructed using 6,000 positive colposcopy images captured in three different
solutions. This dataset is acquired from International Agency for Research on Cancer [24]-WHO.
This ensemble model achieves best classification accuracy than the existing approaches and the
contributions of this work are summarized as:

1. The proposed algorithm leverages the strengths of EfficientNetB0, MobileNetV2, Logistic Re-
gression, XGBoost, and CatBoost, combining deep learning feature extraction with traditional
machine learning classifiers. The multi-branch deep learning architecture enables the extraction
of high-level, lesion-specific features, while the attention mechanism enhances the model’s focus
on critical regions in medical images. The ensemble outperforms standalone models by integrat-
ing both deep and traditional learning approaches, ensuring better generalization and improved
class-wise accuracy.

2. The ensemble model uses PCA for dimensionality reduction and using classifiers for final
decision-making; it reduces the risk of overfitting, balances interpretability, and achieves robust
performance across different lesion types.

3. The study aims to examine the impact of different datasets—noisy images in three different
solutions, a secondary dataset, and the main study is carried out on denoised images. By
applying this proposed model to different secondary datasets and noisy datasets, the research
evaluates how dataset variability affects the model’s performance.

4. The study aims to offer a thorough analysis of existing ensemble and deep learning methodolo-
gies to emphasize the advantages and distinctive strengths of the proposed ensemble model. By
reviewing similar existing frameworks, it highlights key innovations and performance improve-
ments introduced by the ensemble model.

1.1. Gaps Identified and Corrective Measures Taken

In this section, we are describing the lacunae of recent existing ensemble model, deep learning
based approach on colposcopy dataset. Notably, a similar methodology in colposcopy or medical
imaging is rare. We identified only three approaches that are about 50% similar to ours, and used
these for performance comparisons with our method. Table 1 highlights the research gaps and the
corrective measures taken by our approach in which the first three gaps are other deep learning models
similar to our approach and the last two are the gaps identified from other techniques.
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Table 1. Gaps identified and corrective measures.

Research Gap Description Corrective Measures

1. Flexibility, interpretability ,
generalizability [25].

The cited model has limited adaptability to
different types of features or data; its dense
layers make it harder to interpret the
influence of individual features and it may
overfit due to its reliance on a single deep
network.

Our model has multi-branch that helps to
integrate diverse architectures for richer
feature extraction. We have used classifiers
like Logistic Regression and feature
selection (PCA) allows for clearer insight
into how decisions are made. With
multiple classifiers, it reduces overfitting,
improving generalization across diverse
lesion types.

2. Feature extraction and
attention mechanism [26].

As per the context of the cited architecture,
only ResNet50 is used for feature
extraction. While ResNet50 is powerful, it
is limited to the feature set learned from a
single model. The model does not
incorporate an attention mechanism,
which is essential in medical imaging to
focus on the most critical regions (lesions).

Our multi-branch approach leverages both
EfficientNetB0 and MobileNetV2, two
different architectures trained on
large-scale datasets, enabling a richer and
more diverse feature representation that
better captures different patterns across
lesion types. Our model includes attention
layers in both branches, allowing it to
prioritize key areas in the medical images,
improving the detection of subtle lesions.

3. Limited Model Diversity and
class imbalance handling [27].

The cited algorithm uses two pre-trained
CNN models (DenseNet and ResNet), both
of which are powerful for image feature
extraction. However, they might still
provide similar kinds of features as both
are deep convolutional architectures. The
algorithm does not mention handling class
imbalance, which is a common problem in
medical datasets.

In our case, the model captures a wider
diversity of features, leading to potentially
better generalization on medical images
with subtle lesion patterns. The algorithm
explicitly handles class imbalance by
introducing class weights during training,
ensuring that all lesion classes (CIN1,
CIN2, CIN3) are properly represented and
the model doesn’t become biased toward
the majority class.

4. Handling lesion cases and
dropout [28].

The cited model focuses on general feature
extraction and classification without
mentioning specific mechanisms for
handling class imbalance or lesion-specific
processing. The algorithm uses dropout
(0.1 probability) to prevent overfitting.
While dropout is effective, it operates by
randomly disabling neurons, which can
potentially drop important feature
representations.

The attention mechanism in our model
makes it inherently better at focusing on
the critical regions related to lesions,
leading to more accurate predictions for
different lesion classes. The attention
mechanism provides a more targeted
approach to overfitting prevention by
focusing only on important features.

5. Absence of Class-Specific
Fine-Tuning [29].

The cited algorithm does not mention any
fine-tuning or class-specific optimization
of the CNN models. It relies on the
pre-trained models to extract general
features, which may not be tailored to the
dataset.

Our approach not only incorporates
fine-tuning of EfficientNetB0 and
MobileNetV2 but also applies attention
mechanisms to focus on the most relevant
lesion-specific regions. This helps the
network adapt better to the cervical cancer
dataset and provide more accurate
predictions for CIN1, CIN2, and CIN3.2

1.2. Organization of the Paper

The paper has the following sections: section 2: related work, section 3: proposed methodol-
ogy, section 4: algorithm, section 5: implementation section 6: result and discussion and section 7:
conclusion.

2. Related Work

In this section, we have compared our ensemble method with other existing techniques used for
cervical cancer classification with varying datasets, highlighted by Table 2.
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Table 2. A Comprehensive Review of existing techniques for Cervical Cancer Classification

Reference Dataset Method Accuracy Remarks
[30]2024 Colposcopy Deep Learn-

ing
94.55% Has used a hybrid deep

neural network for seg-
mentation.

[31]2024 All cancer
images

Deep Learn-
ing

99% Has used a hybrid of
pretrained CNN, CNN-
LSTM, machine learning
and deep neural classi-
fiers.

[32]2024 Pap Smear Deep Learn-
ing

93% Has used the
CerviSegNet-DistillPlus
as a powerful, efficient,
and accessible tool for
early cervical cancer
diagnosis.

[33]2023 Pap Smear Deep Learn-
ing

N/A Employs a lightweight
deep learning network
known as MLNet, which
is based on metaheuris-
tics.

[34]2023 Pap Smear Deep Learn-
ing

99.22% Uses deep learning in-
tegrated with MixUp,
CutOut, and CutMix.

[25]2023 Colposcopy Deep Learn-
ing

92% Uses predictive deep
learning model.

[35]2022 Colposcopy CNN 87% Used CNN with weighted
loss function.

[36]2022 – ANN 98.87% Applied artificial jellyfish
search to ANN.

[37]2022 Colposcopy CNN,SVM 80% ensemble of U-net and
SVM.

[38]2022 Colposcopy
and
histopatho-
logical
images

AI N/A A review on application
of AI on cervical cancer
screening.

[39]2021 Colposcopy Deep Learn-
ing

92% Uses Deep neural tech-
niques for cervical cancer
classification.

[8]2021 Colposcopy Deep Learn-
ing

90% Using deep neural net-
work generated attention
maps for segmentation.

[40]2021 Colposcopy Residual
Learning

90%, 99% Employed residual net-
work using Leaky ReLU
and PReLU for classifica-
tion.

Continued on next page
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Table 2. (Continued)

Reference Dataset Method Accuracy Remarks
[41]2021 MR-CT

Images
GAN N/A Uses a conditional gener-

ative adversarial network
(GAN).

[42]2021 Pap Smear Biosensors N/A Uses biosensors for higher
accuracy.

[43]2021 Colposcopy CNN 99% Uses Faster Small-Object
Detection Neural Net-
works.

[44]2021 Pap Smear Deep Convo-
lutional Neu-
ral Network

95.628% Constructs a CNN called
DeepCELL with multiple
kernels of varying sizes.

[45]2020 MRI Data of
Cervix

Statistical
Model

- A statistical model called
LM is used for outlier de-
tection in lognormal distri-
butions.

[46]2020 Colposcopy CNN 81.95% Employs a graph convolu-
tional network with edge
features (E-GCN).

[47]2020 Colposcopy CNN N/A The Squeeze-Excitation
Convolutional Neural
Network (SE-CNN) is
utilized to capture depth
features across the entire
image, leveraging the
SE module for targeted
feature recalibration.
Furthermore, the Region
Proposal Network (RPN)
produces proposal boxes
to pinpoint regions of
interest (ROI).

[48]2020 Colposcopy Pre-trained
densenet

96.13% Parameters of all layers
are fine-tuned with pre-
trained DenseNet convo-
lutional neural networks
from two datasets (Ima-
geNet and Kaggle).

[49]2020 Colposcopy CNN 96.13% Uses a recurrent convo-
lutional neural network
for classification of cervi-
grams .

3. Proposed Methodology

Based on Table 1 and Table 2, we were motivated to propose our model because of the following
reasons: a. existing models were lacking lesion specific feature extraction; b. existing models relied on
a single CNN for feature extraction that might miss to capture important features; c. either the use
of only a linear classifier or the use of only a nonlinear classifier; d. no mechanism to handle class
imbalance or to handle overfitting. Figure 1 is the work flow of the proposed architecture, which is
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divided into seven steps; a. preprocessing; b. using the multi-branch architecture of EfficientNetB0
and MobileNetV2 with an attention mechanism at the dense layer of each branch; c. the combined
feature of this ensemble is provided with a mechanism to handle class imbalance; d. training; e. PCA
is applied before the data is given to the classifiers; f. use of three classifiers, and each classifier is
provided with hyperparameter fine tuning and K-fold cross validation; g. soft voting is applied to the
output of the classifiers to prioritize the performance of the classifiers. As an output of this architecture,
we are plotting the AUC curve showing the multi class classification as CIN1 indicating mild dysplasia,
CIN2 depicting moderate dysplasia, and CIN3 refers to severe dysplasia or carcinoma in situ, all stages
of abnormal cervical cell growth with increasing severity.

Figure 1. Process flow of the proposed architecture.

3.1. Data Preprocessing

The images are acquired from International Agency for Research on Cancer [24]. We were given
913 HPV positive data of CIN1, CIN2 and CIN3 captured in three different solutions. In order to get a
maximum classification accuracy with respect to our proposed architecture, we have carried out image
denoising and data augmentation that are described in the subsequent sections.

3.1.1. Image Denoising

It is to be noted that the colposcopy images are captured in varying lightning conditions that
affects the images with noise. Moreover, moistening the cervix area before performing colposcopy also
leads to specular spots that degrades the image quality. This has made us to denoise the images using
Non-Local Means (NLM) algorithm, improving clarity while preserving details.

Mathematical Basis

v(i) =
1

Z(i) ∑
j∈Ω

w(i, j)u(j) (1)
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where v(i) denotes the denoised value of pixel i, u(j) represents the intensity of pixel j, w(i, j) indicates
the similarity weight between pixels i and j, and Z(i) is the normalization factor.

3.1.2. Data Augmentation

We have carried out image augmentation on 913 images of CIN1, CIN2 and CIN3 from the sources.
As our proposed architecture is ideal for a large dataset, we applied image augmentation technique so
tha we could get a total of 6000 images.

3.2. Ensemble of Two CNNs with Attention Mechanism

The multi-branch architecture combines EfficientNetB0 and MobileNetV2 (EfficientNetB0 is cho-
sen for its balance between accuracy and efficiency, while MobileNetV2 is ideal for low-computation
environments, making their combination optimal for achieving both high performance and resource
efficiency which is the target of this study.) as feature extractors, allowing for the extraction of diverse
feature sets from the same image, enhancing the model’s representational power. The last 30 layers of
both models are unfrozen for fine-tuning to capture lesion-specific features. An attention mechanism
is applied to each branch to focus on important regions in the image, improving class discrimination
between CIN1, CIN2, and CIN3. The feature outputs from both models are concatenated to provide a
richer feature set for classification. A dense layer followed by a softmax layer outputs probabilities for
classifying images into CIN1, CIN2, or CIN3.

Mathematical Basis

L(θ) =
1
N

N

∑
i=1

[
−

C

∑
c=1

yc
i log ŷc

i

]
+ λ

(
M

∑
j=1

||WEffNet,j||22 +
M

∑
k=1

||WMobileNet,k||22

)
(2)

Explanation: L(θ) is the total loss function. The first term, 1
N ∑N

i=1

[
−∑C

c=1 yc
i log ŷc

i

]
, represents the

categorical cross-entropy loss, where N is the number of data samples, C is the number of classes
(e.g., CIN1, CIN2, CIN3), yc

i is the ground truth label for sample i and class c, and ŷc
i is the predicted

probability for sample i and class c. The second term, λ
(

∑M
j=1 ||WEffNet,j||22 + ∑M

k=1 ||WMobileNet,k||22
)

,
represents the L2 regularization (or weight decay) applied to the weights of EfficientNetB0 and
MobileNetV2. In this, λ is the regularization coefficient, WEffNet,j refers to the weights of the j-th layer
of EfficientNetB0, WMobileNet,k refers to the weights of the k-th layer of MobileNetV2, and ||W||22 is the
L2 norm (squared) of the weights, which penalizes large weight values to prevent overfitting.

A(F) = σ

(
1

H × W

H

∑
i=1

W

∑
j=1

Fij

)
(3)

Explanation: A(F) represents the attention mechanism applied to the feature map F. The term
1

H×W ∑H
i=1 ∑W

j=1 Fij computes the average of the feature map activations across the spatial dimensions,
where H and W are the height and width of the feature map, respectively, and Fij is the activation at
position (i, j). The function σ(·) is the sigmoid activation function, which scales the attention score to a
value between 0 and 1, indicating the importance of different regions in the feature map.

F = Concat(A(FEffNet(x)), A(FMobileNet(x))) (4)

where F is the concatenated feature map obtained by applying attention mechanisms A to both
FEffNet(x) and FMobileNet(x), combining their strengths into a single, enriched feature set.

ŷ = Softmax(W · F + b) (5)

where ŷ represents the final model output, where the softmax function converts the weighted feature
set W · F + b into class probabilities for CIN1, CIN2, and CIN3.
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3.3. Class Imbalance Handling, Learning Rate Scheduling, Dimensionality Reduction, and Multi Class
Classification

Class Weights for Imbalance Handling

To handle class imbalance, as in the case of our dataset 295 images of CIN1, 304 images of CIN2,
and 314 images of CIN3, class weights are applied to ensure that underrepresented classes are given
more importance during training, preventing bias toward the majority class.

Lweighted(θ) =
1
N

N

∑
i=1

wyi

[
−

C

∑
c=1

yc
i log ŷc

i

]
(6)

Explanation: Lweighted(θ) is the weighted loss function. The term wyi is the class weight corresponding
to the true class yi, ensuring that the loss for underrepresented classes is increased to balance the
dataset.

Learning Rate Scheduling

When the validation loss reaches a plateau, a learning rate scheduler like ReduceLROnPlateau
lowers the learning rate to encourage steady convergence and avoid overfitting. In case of our proposed
architecture, the learning rate scheduling was used after 80th epoch as there was no improvement in
validation accuracy.

ηt+1 = ηt · γ (7)

Explanation: ηt+1 is the updated learning rate, where ηt is the current learning rate and γ is a decay
factor (typically 0 < γ < 1) applied when the validation loss plateaus.

PCA for Dimensionality Reduction

The extracted feature shapes (2233, 256) and (559, 256) from two CNNs, were reduced by PCA to
2D, enabling visualization of the data in two dimensions. This dimensionality reduction is a benefit to
the classifiers like Logistic Regression, XGBoost, and CatBoost for reducing computational complexity.

Z = XWPCA (8)

Explanation: Z is the reduced feature set after applying PCA, where X is the original feature matrix
and WPCA is the matrix of principal components.

Logistic Regression, XGBoost, and CatBoost

Logistic Regression is used for linear classification, XGBoost captures complex patterns via
gradient boosting, and CatBoost is effective in handling categorical data with minimal preprocessing.
XGBoost and CatBoost is used in our architecture for non linear classification. Combining these in a
soft-voting ensemble ensures more robust classification.

ŷ = σ(WTZ + b) (9)

Explanation: ŷ represents the predicted probability, with Z as the input feature vector after applying
PCA, W as the weight vector, and b as the bias term. The sigmoid function, σ(·), is used in logistic
regression for binary or multi-class classification.

L(θ) =
N

∑
i=1

l(yi, ŷi) +
T

∑
k=1

Ω( fk) (10)
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Explanation: The XGBoost loss function consists of two parts: the first term is the loss l(yi, ŷi) between
the true label yi and the predicted label ŷi, and the second term Ω( fk) is the regularization for tree
complexity, controlling the depth and structure of decision trees.

LCatBoost(θ) =
N

∑
i=1

(−yi log(ŷi)− (1 − yi) log(1 − ŷi)) + λ
M

∑
j=1

||Wj||22 (11)

Explanation: The CatBoost loss function includes a standard binary cross-entropy loss with regu-
larization. λ ∑M

j=1 ||Wj||22 is the L2 regularization term, preventing overfitting by penalizing large
weights.

Hyperparameter fine tuning and K-Fold cross validation

This study involves hyperparameter tuning, model evaluation, and class-wise performance
measurement using K-fold cross-validation on three classifiers: Logistic Regression, XGBoost, and
CatBoost. Each classifier is optimized to improve accuracy and class-specific performance, targeting
the multi-class classification problem with CIN grades (CIN1, CIN2, CIN3).

1. Hyperparameter Tuning with Grid Search

The hyperparameter tuning for each classifier is performed using GridSearchCV, optimizing for
accuracy across a 5-fold cross-validation.

Best Model = arg max
θ

1
K

K

∑
k=1

Accuracy
(
ŷtraink , f (Xtraink ; θ)

)
(12)

Explanation: In Equation (12), Best Model represents the model with the best hyperparameter set θ.
Here, K denotes the number of folds in cross-validation (with K = 5 in this study). The term ŷtraink

refers to the true labels for the training fold k, while f (Xtraink ; θ) represents the model’s predictions on
fold k with hyperparameters θ. Finally, Accuracy is a measure that computes the fraction of correct
predictions.

Purpose: Hyperparameter tuning optimizes each model to achieve the highest accuracy by
finding the best set of hyperparameters for Logistic Regression, XGBoost, and CatBoost.

2. Class-wise Evaluation with K-fold Cross-Validation

After tuning, each model is evaluated using 5-fold cross-validation, calculating class-specific
Precision, Recall, and F1 scores for each CIN grade. This ensures robust performance across classes.

MetricsClass =

(
1
K

K

∑
k=1

(PrecisionClass, RecallClass, F1Class)k

)
(13)

Explanation: In this context, MetricsClass represents a vector containing Precision, Recall, and F1 score
values for each class. Specifically, PrecisionClass denotes the precision metric for the selected class,
RecallClass refers to the recall for that class, and F1Class is the F1 score for the class, which is calculated
as:

F1Class = 2 × PrecisionClass × RecallClass
PrecisionClass + RecallClass

(14)

Purpose: This evaluation step ensures that each model performs well across different classes (CIN1,
CIN2, CIN3) by measuring their specific Precision, Recall, and F1 scores, which are crucial for balanced
multi-class classification performance.

Soft-Voting Ensemble

ŷensemble =
1
3
(ŷLR + ŷXGBoost + ŷCatBoost) (15)
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Explanation: ŷensemble represents the final output from the soft-voting ensemble, where ŷLR, ŷXGBoost,
and ŷCatBoost are the predictions from Logistic Regression, XGBoost, and CatBoost, respectively. The
final prediction is the average of the predicted probabilities from all classifiers.

4. Algorithm

Algorithm 1 Multi-Branch Attention-Based Classification Model with Denoising and Ensemble Classi-
fiers
Require: Dataset X, Labels y, Input size Isize = 160 × 160

1:
Ensure: Prediction ŷ for classes CIN1, CIN2, CIN3

2:
3: Step 1: Data Preprocessing (NLM Denoising)
4:
5: Xd ⇐ Apply Non-Local Means (NLM) on X for denoising
6: for Each xd ∈ Xd do
7:
8: Resize xd to Isize
9:

10: Normalize pixel values xd ⇐ xd/255
11:
12: end for
13:
14: Step 2: Feature Extraction using Multi-Branch Architecture
15:
16: FE f f Net ⇐ EfficientNetB0(xd) ▷ Extract features with EfficientNetB0
17:
18: FMobNet ⇐ MobileNetV2(xd) ▷ Extract features with MobileNetV2
19:
20: FE f f Net ⇐ Attention(FE f f Net) ▷ Apply attention
21:
22: FMobNet ⇐ Attention(FMobNet) ▷ Apply attention
23:
24: Step 3: Feature Combination and Dense Layers
25:
26: Fcombined ⇐ Concatenate(FE f f Net, FMobNet)
27:
28: Ff inal ⇐ Dense(Fcombined, 256) ▷ Dense layer with 256 units
29:
30: ŷ ⇐ Softmax(Ff inal , 3) ▷ Final layer for CIN1, CIN2, CIN3 classification
31:
32: Step 4: Loss and Class Weights
33:
34: L(ŷ, y) ⇐ CrossEntropy Loss ▷ Sparse categorical cross-entropy
35:
36: Adjust with class weights: wi ∈ {1.0, 1.5, 2.0} ▷ Handle class imbalance
37:
38: Step 5: Train the Model
39:
40: while Training not converged do ▷ Train for 50 epochs with Adam optimizer
41:
42: Update weights using Adam(∇L, LearningRate = 0.0001)
43:
44: Apply learning rate scheduling if no improvement: η ⇐ 0.1η
45:
46: end while
47:
48: Step 6: Feature Dimensionality Reduction (PCA)
49:
50: FPCA ⇐ PCA(Ff inal , ncomponents = 50)
51:
52: Step 7: Classifier Ensemble with Logistic Regression, XGBoost, and CatBoost
53:
54: Train classifiers {LR, XGB, CatBoost} using FPCA
55:
56: ŷLR ⇐ Logistic Regression(FPCA)
57:
58: ŷXGB ⇐ XGBoost(FPCA)
59:
60: ŷCatBoost ⇐ CatBoost(FPCA)
61:
62: Step 8: Soft Voting and Final Prediction
63:
64: ŷ f inal ⇐ Soft Voting(ŷLR, ŷXGB, ŷCatBoost)
65:
66: Return final prediction ŷ f inal for CIN1, CIN2, CIN3
67:

5. Implementation

5.1. Experimental Setup

All the experiments are carried out in Intel(R) Core(TM) i5-1035G1 CPU @ 1.00GHz, 1.19 GHz,
16GB RAM, 1.4 TB HD and windows 11, 64 bit operating system configuration. To execute our proposed
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architecture we have used Colab Pro in TPU V2-8 as a hardware accelerator that has provided us with
334.5 GB of high RAM, 225.33 GB of disk, and 500 GB of computational units. All the experiments are
conducted for 100 epochs with a test-train split of 80:20.

5.2. Performance Metrics

The performance of the proposed algorithm will be evaluated to ensure model efficiency, with
the choice of evaluation criteria tailored to the dataset and selected metrics. In this study, the primary
dimensional metric is the number of classes. Additionally, we are assessing other performance metrics
to analyze the impact of increasing class numbers. Specifically, we will examine accuracy, specificity,
and sensitivity, aligning with metrics commonly used in prior studies for algorithm performance
measurement [25]. Table 3 provides an overview of all the metrices used in this study.

Table 3. Classification Metrics and Formulas.

Metric Formula Description

Recall TP
TP+FN The percentage of true positives that are accu-

rately detected
Precision TP

TP+FP The percentage of expected positives that turn
out to be positive

F1 Score 2 × Precision×Recall
Precision+Recall Harmonic mean of precision and recall

Accuracy TP+TN
TP+FP+TN+FN The proportion of correct predictions over all

instances

5.3. Dataset

We have received a total of 918 images of CIN1, CIN2 and CIN3 positive images from International
Agency for Research on Cancer [24] captured in three different solutions; Lugol’s iodine, Acetic acid
and normal saline. We have removed the images captured using green filter for our study which made
us to have a total of 913 images. We are referring this data as our primary dataset. We have denoised
and augmented this dataset. Apart from this we have also used a secondary dataset, the Malhari
dataset [50] containing a total of 2,790 images.

5.3.1. Primary Dataset

A total of 913 images containing 295 CIN1 images, 304 CIN2 images, and 314 CIN3 images were
augmented to 1936 for CIN1, 2001 for CIN2 and 2063 for CIN3. We have used a separate directory to
store 6,000 augmented images. We have used ImageDataGenerator for augmentation, implementing
rotation by 30 degrees, width-shift range=0.2 and height-shift range=0.2, shear range=0.2, zoom-
range=0.2, horizontal flip=True, and fill mode=’nearest’. Figure 3 is the class distribution of original
and augmented images. We have used this dataset after denoising.
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Figure 2. CIN1, CIN2 and CIN3 distribution of the primary dataset.

5.3.2. Distribution of Images of the Primary Dataset in Lugol’s Iodine, Acetic Acid and Normal Saline

Table 4 shows the distribution of images class-wise of the primary dataset captured in three
different solutions. We have used this dataset without denoising and stored the 6,000 augmented
images in a separate directory. We implemented rotation by 30 degrees, width-shift range=0.2, height-
shift range=0.2, shear range=0.2, zoom-range=0.2, horizontal flip=True, and fill mode=’nearest’ using
ImageDataGenerator for augmentation.

Table 4. Original and Augmented values of the primary dataset in different solutions across different
CIN grades.

CIN Grades Lugol’s-Iodine Acetic-Acid Normal- Saline
Ori-ginal Aug-

mented
Ori-ginal Aug-

mented
Ori-ginal Aug-

mented
CIN1 114 898 98 691 83 347
CIN2 119 945 101 700 84 365
CIN3 121 1005 107 705 86 353

5.3.3. Secondary Dataset

Table 5 shows the distribution of images class-wise of the secondary dataset. We implemented
rotation by 30 degrees, width-shift range=0.2, height-shift range=0.2, shear range=0.2, zoom-range=0.2,
horizontal flip=True, and fill mode=’nearest’ using ImageDataGenerator for augmentation. We have
stored 6,000 enhanced denoised photos in a different directory.

Table 5. Secondary dataset distribution across different CIN grades.

CIN1 CIN2 CIN3
Ori-ginal Aug-mented Ori-ginal Aug-mented Ori-ginal Aug-mented

900 1112 930 2009 960 2879

6. Results and Discussions

6.1. Results of Data Preprocessing and Image Augmentation

This study utilizes two datasets: the primary dataset is sourced from IARC [24], and the secondary
dataset, referred to as Malhari, is from Kaggle [50]. The images in the primary dataset have a resolution
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of 800 × 600 pixels, while those in the secondary dataset are sized at 640 × 480 pixels. Both datasets
consist of images in JPG format, maintaining a 4:3 aspect ratio. For our proposed architecture, each
dataset was augmented to contain 6,000 images, and denoising was applied using the NLM algorithm.
Due to the use of computationally intensive CNNs for feature extraction, the image size for both
datasets was reduced to 160 × 160 pixels. Figures 3 and 4 illustrate sample images from both datasets
after applying denoising and augmentation. The first row represents CIN1, the second row shows
CIN2, and the third row displays CIN3.

Figure 3. Sample image of three classes of IARC dataset showing denoising and augmentation.

Figure 4. Sample image of three classes of Malhari dataset showing denoising and augmentation.

6.2. Results of Model Training on Primary Dataset from IARC

As our model is divided into parts, starting with preprocessing and ending with the multiclass
classification, in the susequent sections we are providing the result and its analysis of each part of the
architecture.

6.2.1. Training Results and Analysis

The model is primarily implemented on 913 denoised, augmented images (6,000) with a train-test
split of 80:20. So, there are 4800 training samples and 1200 test samples. The model was executed
for 100 epochs with a batch size of 32 epochs and 150 iterations per epoch. The validation loss was
observed to be constant after 80th epoch, so ReduceLROnPlateau was used to reduce the learning rate
till 100th epoch. The training accuracy at the training phase after 100th epoch was obtained as 97.85%
and the validation accuracy at the training phase after 100th epoch was 97.33%. For each epoch, we
have noted the performance metrics: recall, precision, F1, validation loss, validation accuracy, training
loss, and training accuracy. Figure 5 show the loss and accuracy trends for the first 50 epochs. Table
6 presents the precision, recall, and F1 scores obtained at the final 100th epoch, prior to feeding the
features into the classifier. .

Table 6. Precision, Recall, and F1-Score for each class after training at 100th epoch.

CIN Grades Precision Recall F1-Score

CIN 1 0.9733 0.9723 0.9728
CIN 2 0.9740 0.9750 0.9745
CIN 3 0.9769 0.9798 0.9783
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Figure 5. Loss and accuracy trends of the model on primary denoised dataset for the first 50 epochs.

Analysis

The graph 5 shows the trend of training loss, validation loss, training accuracy, and validation
accuracy. We are showing this trend for the first 50 epochs. The training loss graph starts from 1.4176
and converges to 0.0416. The validation loss graph starts at 1.6548 and converges to 0.0508. The
training accuracy at 50th epoch is 88.18% and the validation accuracy at the 50th epoch is 87.69%.
Both the training loss and validation loss graphs are smooth and show a downward trend, showing
that the model is able to generalize well and there is no overfitting or underfitting. Considering the
acuuracy graphs, there is an upward trend of both graphs depicting that the models are able to classify
the training samples with greater precision over time. There is a slight gap between the training and
the validation accuracy graph hinting there might be a mild overfitting as the model continues to
specialize on the training data. However, the close alignment between training and validation accuracy
is an encouraging sign of the model’s generalization capabilities.

6.2.2. Feature Extraction, PCA, Hyperparameter Fine Tuning and K-Fold Cross Validation Results and
Analysis

The output we got in this phase shows that 2,233 training samples and 559 validation samples
were passed through the feature extraction model, resulting in feature vectors of shape (256). Hy-
perparameter tuning was performed for three models: Logistic Regression with 3 hyperparameter
combinations, XGBoost with 4 combinations, and CatBoost with 8 combinations. For cross-validation,
Logistic Regression performed 15 fits (3 candidates x 5 folds), XGBoost performed 20 fits, and CatBoost
performed 40 fits using 5-fold cross-validation. PCA is being used to reduce the dimensionality of the
extracted features. After extracting 256-dimensional feature vectors from the deep learning model
(EfficientNet + MobileNetV2), PCA is applied to reduce the number of features to 50. Hyperparameter
tuning is applied to the three machine learning classifiers: Logistic Regression, XGBoost, and CatBoost,
using GridSearchCV to find the optimal combination of hyperparameters for each model. Logistic
Regression classifier is initialized with a maximum of 1000 iteration, meaning it will continue to
optimize until convergence or 1000 iterations. In case of XGBoost, a set of hyperparameters is defined
including the number of estimators (50 and 100), tree depth (3 and 5), and learning rate of 0.1. The grid
defined for CatBoost, with the number of iterations (100 and 200), tree depth (3 and 5), and learning
rate of 0.01 and 0.1.

For each classifier, GridSearchCV is used to perform an exhaustive search over the hyperparameter
grid. The search is performed using 5-fold cross-validation (cv=5), meaning the data is split into 5
parts, with 4 used for training and 1 for validation in each iteration. The search is based on maximizing
accuracy (scoring=’accuracy’). The verbose=1 parameter ensures that details of the training process
are printed during the search. After fitting the models, the best hyperparameter combination for each
classifier is selected using best-estimator. This gives us the most optimal Logistic Regression, XGBoost,
and CatBoost models based on the cross-validation search.

In soft voting, the predicted probabilities from each model are averaged, and the class with the
highest average probability is selected as the final prediction. This tends to work better for classifiers
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that output reliable probabilities. StratifiedKFold initializes a 5-fold cross-validation strategy that
ensures each fold maintains the relative class proportions.

Analysis

Table 7 compares the performance of three classifiers—Logistic Regression, XGBoost, and Cat-
Boost—after hyperparameter tuning across five folds of cross-validation. The metrics include accuracy,
precision, recall, and F1-score for each classifier on each fold. In the case of LR, the accuracy across all
folds is very consistent, ranging from 0.9731 to 0.9821 with high precision, recall, and F1-scores. Fold 3
and Fold 5 show the best performance with an accuracy of 0.9821 and an F1-score of 0.9822, suggesting
consistent model reliability across folds. In the case of XGBoost, shows slightly higher accuracy
compared to LR, with accuracies ranging from 0.9687 to 0.9843. Precision, recall, and F1-scores are
also high, particularly in Fold 1 (F1: 0.9843), but there is slight variation across the other folds. Fold 3
shows the lowest accuracy (0.9687), but overall, XGBoost maintains strong performance across all folds.
In the case of CatBoost, shows the highest performance across the classifiers, with accuracy values
ranging from 0.9687 to 0.9905. It demonstrates excellent precision, recall, and F1-scores, achieving high
values across all folds. CatBoost, especially in Fold 1 and Fold 5, shows superior consistency, making it
the best-performing classifier in this comparison.

Table 8 shows the validation accuracy, precision, recall and F1 of each classifier class wise. The
table also shows the values of these metrics after a soft voting is applied. All classifiers demonstrate
excellent performance, with Precision, Recall, and F1-Score values close to 1.000, reflecting high
accuracy in classification. Logistic Regression achieves slightly lower values than the other models,
particularly in Recall and F1-Score, indicating it may struggle slightly with a few mis-classifications.
XGBoost performs similarly to CatBoost with high scores across all metrics but has a slightly lower
Precision for CIN3. CatBoost shows perfect classification in nearly all metrics and classes, matching the
Ensemble model in performance. Ensemble Voting Classifier delivers the highest overall performance,
with near-perfect Precision, Recall, and F1-Score, reflecting the benefit of combining multiple classifiers.

Table 7. Performance Metrics for Logistic Regression, XGBoost, and CatBoost After Hyperparameter
Tuning and K=5 fold cross validation

Classifier Fold Accuracy Precision Recall F1 Score

Logistic Regression

Fold 1 0.9801 0.9800 0.9789 0.9798
Fold 2 0.9804 0.9801 0.9799 0.9798
Fold 3 0.9810 0.9804 0.9801 0.9800
Fold 4 0.9806 0.9800 0.9798 0.9799
Fold 5 0.9803 0.9801 0.9801 0.9805

XGBoost

Fold 1 0.9903 0.9843 0.9844 0.9843
Fold 2 0.9910 0.9903 0.9900 0.9906
Fold 3 0.9904 0.9900 0.9901 0.9902
Fold 4 0.9901 0.9902 0.9900 0.9905
Fold 5 0.9906 0.9900 0.9901 0.9903

CatBoost

Fold 1 0.9904 0.9901 0.9900 0.9902
Fold 2 0.9901 0.9904 0.9901 0.9902
Fold 3 0.9908 0.9905 0.9903 0.9903
Fold 4 0.9906 0.9902 0.9901 0.9902
Fold 5 0.9905 0.9903 0.9901 0.9902
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Table 8. Performance Metrics for Logistic Regression, XGBoost, CatBoost, and the Ensemble Voting
Classifier.

Class-ifier Vali-
dation
Accu-
racy

CIN1 CIN2 CIN3

Pre-
cision

Rec-
all

F1-
Score

Pre-
cision

Rec-
all

F1-
Score

Pre-
cision

Rec-
all

F1-
Score

LR 0.9823 0.9815 0.9811 0.9814 0.9902 0.9900 0.9901 0.9904 0.9903 0.9902
XGBoost 0.9905 0.9899 0.9901 0.9901 0.9904 0.9903 0.9904 0.9907 0.9904 0.9904
CatBoost 0.9909 0.9901 0.9900 0.9901 0.9905 0.9903 0.9904 0.9908 0.9906 0.9905
Ensemble 0.9985 0.9995 0.9994 0.9993 0.9996 0.9994 0.9998 0.9998 0.9997 0.9996

6.2.3. PCA Visualization, AUC Graph and Confusion Matrix Plot

Figure 6 and Figure 7 shows the plot of PCA visualization and AUC curve of the three class
classification by the ensemble model. Figure 8 is the confusion matrix plot of the ensemble voting
system.

Figure 6. PCA visualization plot.

Figure 7. AUC curve of the multi-class classification.
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Figure 8. Confusion matrix plot after ensemble classification on the validation data.

Analysis

From Figure 6, the three distinct clusters represent the three CIN classes, showing clear separation
between the classes, which is crucial for effective classification. This indicates that the extracted features
from the model are well-separated and hold meaningful information for distinguishing between
the classes. In Figure 7, the AUC curves for the multi-class classification show high classification
performance, with AUC values close to 1.0 for all three classes (CIN1, CIN2, CIN3). The micro- and
macro-average ROC curves also approach the upper left corner of the plot, further confirming the
strong discriminative ability of the model. This indicates that the ensemble model can effectively
classify the different CIN grades with high accuracy, precision, and recall across the classes. Figure 8
shows the confusion matrix for the ensemble classifier shows near-perfect classification performance
across all three classes (CIN1, CIN2, and CIN3), with minimal misclassifications. Out of 300 samples in
CIN1, 298 were correctly classified, and 2 were misclassified as false negatives (classified as CIN3).
There are no false positives for CIN1. Out of 400 samples in CIN2, 398 were correctly classified, and 2
were misclassified as false negatives (classified as CIN3). There are no false positives for CIN2. All 500
samples in CIN3 were correctly classified with no misclassifications.

6.3. Test Result of the Model on Primary Denoised IARC Dataset

This section deals with a test dataset of 1000 images on which we have tested our proposed
algorithm for predicting the correct labels with respect to true labels. Few of these images are validated
by a senior oncologist. We are providing a sample of images of three classes that our model predicted
correctly. Figure 9 shows some sample images of three classes as seen as true and predicted images.
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Figure 9. Sample images of true and predicted classes with respect to CIN grades on the test data.

6.4. Result Analysis of the Primary Noisy Dataset Separated by Solutions and Denoised Secondary Dataset

This section does an analysis of the model’s performance on different datasets. Figure 10 to Figure
12 depicts the trends of the both the loss and both the accuracy of the model on the primary dataset,
where the images are separated as per their capturing in three different solutions; Lugol’s iodine, acetic
acid and normal saline. These images are not denoised to test the behavior of the model on denoised
images. Figure 13 shows the trends of both the losses and the accuracies of the model on a secondary
dataset.
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Figure 10. Loss and accuracy trends of the model on the noisy primary dataset in Lugol’s iodine for the
first 50 epochs.

Figure 11. Loss and accuracy trends of the model on the noisy primary dataset in Acetic acid for the
first 50 epochs.

Figure 12. Loss and accuracy trends of the model on the noisy primary dataset in Normal saline for the
first 50 epochs.

Figure 13. Loss and accuracy trends of the model on the denoised secondary dataset for the first 50
epochs.

Table 9. Performance Metrics of different noisy primary dataset and denoised secondary datasets with
respect to CIN Grades.

CIN-Grades Lugol’s Iodine Acetic Acid Normal Saline Malhari

Prec. Recall F1 Prec. Recall F1 Prec. Recall F1 Prec. Recall F1

CIN1 0.97 0.97 0.97 0.96 0.95 0.96 0.95 0.95 0.95 0.98 0.98 0.98
CIN2 0.97 0.97 0.97 0.96 0.97 0.97 0.95 0.94 0.95 0.98 0.98 0.98
CIN3 0.98 0.98 0.97 0.97 0.96 0.97 0.96 0.95 0.96 0.98 0.98 0.98

Analysis of Loss graphs and accuracy graphs

In the case of Figure 10, the training loss starts from 1.4276 and converges to 0.0452 at the 50th
epoch. The validation loss starts from 1.5148 and converges to 0.0516 in the 50th epoch. Both the
graphs are smooth, and the trend of the loss is decreasing. Considering the trends of the accuracies,
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the rise is upward, there is a slight overlap suggesting the data is noisy and there might be overfitting.
Though Lugol’s iodine is a proper solution to use for colposcopy, the training accuracy reaches to
88.11% and the validation accuracy reaches to 87.14% for the 50th epoch.

Figure 11 is the trend of loss and accuracy of the dataset using acetic acid solution. The training
loss starts at 1.4484 and converges to 0.0469 at the 50th epoch. The validation loss starts at 1.5148
and converges to 0.0588 at the 50th epoch. There is a slight fluctuation in both the graphs as the
dataset is noisy and the solution used is acetic acid that is not as appropriate as Lugol’s iodine for
colposcopy. Both the graphs shows a correct trend but the accuracy value of the training is 87.21% and
the validation accuracy is 86.94%, lower than the accuracies of Lugol’s iodine.

Considering Figure 12, though both the graphs show correct trends for the first 50th epoch, the
training accuracy is 86.21% and the validation accuracy is 85.94% that is way behind the accuracies
reached for the images in Lugol’s iodine and acetic acid solutions. There is fluctuation in both the
graphs but from the trend of the graphs it is clear that both of them tries to generalize well on unseen
data.

Figure 13 is the graph for the secondary dataset. Both the graphs shows correct trend. There is a
smooth decline in the loss graph indicating there is no overfitting or underfitting. There is a fluctuation
in the accuracy graph, but as per the trend, the model is performs more effectively on denoised data,
likely due to reduced interference from noise, leading to better generalization.

Analysis of performance metrics of noisy dataset in three solutions and the secondary dataset

Table 9 compares precision, recall, and F1 scores across four different datasets (Lugol’s Iodine,
Acetic Acid, Normal Saline, and Malhari) for classifying CIN grades (CIN1, CIN2, and CIN3). The
Malhari dataset being denoised shows the highest and most consistent performance across all CIN
grades, with precision, recall, and F1 all at 0.98. Across all datasets (noisy or denoised), CIN3 tends to
have slightly higher precision and recall compared to CIN1 and CIN2, suggesting the model is slightly
better at identifying this grade. The Normal Saline dataset has slightly lower metrics (0.95-0.96) for all
CIN grades, indicating a potential challenge in classification with this dataset compared to others. In
summary, the Malhari dataset provides the best performance, while Normal Saline shows the lowest
scores, especially in recall for CIN2.

6.5. Result Analysis of Recent Existing Approaches, Baseline Architecture and Variation of the Proposed Model

Table 10 shows a comparison of selected approaches from Table 1, some baseline architecture with
variation of the proposed architecture. Based on the complexity of the model [25], [26], [27], we have
modified the algorithms by changing their batch size (keeping structure the same) so that we could
implement them on our 6,000 denoised primary dataset. All the other models were executed for 100
epochs on our primary dataset. We have used the same system configuration as mentioned in section
5.1.
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Table 10. Performance metrics of existing models with respect to CIN grades on primary denoised
dataset

Existing Models Val Acc. CIN1 CIN2 CIN3

Prec. Recall F1 Prec. Recall F1 Prec. Recall F1

[25] 0.97 0.95 0.94 0.95 0.96 0.96 0.95 0.97 0.96 0.96
[26] 0.96 0.94 0.92 0.93 0.94 0.93 0.93 0.95 0.94 0.94
[27] 0.95 0.91 0.90 0.91 0.92 0.91 0.91 0.93 0.92 0.92
ResNet50 (baseline) 0.92 0.90 0.89 0.90 0.91 0.90 0.91 0.91 0.90 0.91
DenseNet-121 (baseline) 0.93 0.91 0.90 0.91 0.91 0.91 0.91 0.92 0.91 0.92
EffB0 0.92 0.90 0.89 0.90 0.91 0.89 0.90 0.91 0.90 0.91
MobV2 0.91 0.90 0.88 0.89 0.90 0.89 0.90 0.90 0.90 0.90
EffB0 + MobV2 0.94 0.91 0.90 0.91 0.92 0.91 0.92 0.93 0.91 0.92
EffB0 + MobV2 (with attention) 0.95 0.93 0.92 0.92 0.93 0.92 0.92 0.94 0.93 0.94
Proposed approach 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99

Analysis

[25] : We have executed this algorithm by starting the learning rate at 0.01. The model currently
uses 3 × 3 convolutions across layers; we have reduced the number of filters in the first few layers
without compromising on the accuracy. As we have executed in TPU V2-8, we have used a slightly
lower dropout rate since TPUs generally converge faster and may need less dropout. As TPU can
handle larger batch sizes, we have used 128 batch size in this case and made the model run for 100
epochs. The validation accuracy obtained in this case is lower than the proposed architecture, as our
architecture combines feature extraction strengths from multiple CNNs, an attention mechanism, and
diverse classifiers in a stacked approach.

[26] : We have executed this algorithm by starting the learning rate at 0.01. As TPU can handle
larger batch sizes, we have used 128 batch size in this case and made the model run for 100 epochs. We
have converted the first three stages (CNN-KNN, CNN-RF, and CNN-SVM) into sequential blocks,
ensuring they do not run concurrently. After processing each stage, we saved the intermediary
predictions for the next stage. For the MLP layer in Stage 4 we have made it TPU-optimized by using
Keras tf.keras.layers.Dense layers instead of custom implementations. The validation accuracy of this
architecture is lesser than the proposed architecture, when implemented on 6,000 colposcopy images
with a batch size of 128 and 100 epochs, as though this model may generalize well, the lack of a refined
focus mechanism, like attention, could limit its performance on complex visual data like colposcopy
images.

[27] : This architecture uses different strategies for validating the performance of the model; inner
to outer and outer to inner, checks with different values of K and finally selects K=100, validates the
performance of the model using single class data split and multi class data split. We have directly
implemented this research work, considering the value of K=100 for KNN, using stratified K-fold cross
validation, using multi class data split and using one learning strategy(inner to outer), got a validation
accuracy lower than our proposed method. If we would have gone with the published architecture
of this research, the architecture would have been computationally intensive due to the extensive
cross-validation and feature integration steps. It would likely perform well on TPU but may have a
longer runtime due to the layer complexity. We have modified the model to reduce its computational
complexity so that it matches with our proposed architecture, but yielded a lower accuracy than our
architecture.

The reason for lower validation accuracy by these models are; ResNet50 is a solid choice for image
classification but lacks efficiency in handling fine-grained details often needed for medical images,
DenseNet121 has a densely connected structure that helps in capturing more detailed information,
but as a single model, it lacks the robustness provided by an ensemble approach, EfficientNetB0 is
optimized for efficient scaling but is limited as a standalone model for complex multi class medical
classification tasks, MobileNetV2 acks the attention and ensemble mechanisms needed to effectively
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capture critical and nuanced details in the images, Combining EfficientNetB0 and MobileNetV2 adds
diversity to feature extraction, but without an attention mechanism, it lacks the ability to highlight
relevant regions in the images, EffB0 + MobV2 (with attention), is the closest in structure to the proposed
architecture but lacks the comprehensive multi-level feature handling and advanced ensemble and
voting mechanisms seen in the proposed model.

7. Conclusions

This study introduces a multi-branched ensemble architecture enhanced with an attention mecha-
nism to improve the classification accuracy of colposcopy images. The model employs EfficientNetB0
and MobileNetV2 in separate branches, where each branch’s dense layer incorporates an attention
mechanism to capture critical lesion features. The extracted features from each branch are then com-
bined and passed through an ensemble of three classifiers: Logistic Regression, XGBoost, and CatBoost.
Logistic Regression acts as a meta-learner to mitigate overfitting, while XGBoost and CatBoost handle
non-linear classification. Each of the classifiers output is hyperparameter fine tuned using Grid search
technique and then validated using stratified K-fold cross-validation. The final multi-class classification
is determined through soft voting across the outputs of all three classifiers. The proposed architecture
is tested on a variety of datasets, and it’s result s also compared with existing technologies and baseline
approaches.In all the cases, the proposed architecture has shown outstanding results.
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