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Abstract: Early detection of cervical cancer is the need of the hour to stop the fatality from this disease. There

have been various CAD approaches in the past that promise to detect cervical cancer in an early stage, each of

them having some constraints.This study proposes a novel ensemble deep learning model, VLR (variable learning

rate), aimed at enhancing the accuracy of cervical cancer classification. The model architecture integrates VGG16,

Logistic Regression, and ResNet50, combining their strengths in an offbeat ensemble design. VLR learns in two

ways: firstly, by dynamic weights from three base models, each of them trained separately; secondly, by attention

mechanisms used in the dense layer of the base models. Hyperparameter tuning is applied to further reduce loss,

fine tune the model’s performance, and maximize classification accuracy. We performed K-fold cross-validation

on VLR to evaluate any improvements in metric values resulting from hyperparameter fine tuning. We have also

validated our model on images captured in three different solutions and on a secondary dataset. Our proposed

VLR model outperformed existing methods in cervical cancer classification, achieving a remarkable training

accuracy of 99.95% and a testing accuracy of 99.89%.

Keywords: cervical cancer; colposcopy; deep learning; image; clustering

1. Introduction

Despite being preventable if caught early, women are disproportionately affected by cervical
cancer globally [23]. 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 [24]. These cells may develop abnormalities and eventually turn into cancer if they are exposed
to HPV [25].

A colposcopy is a diagnostic procedure that looks attentively for disease-related indications in the
cervix, vagina, and vulva. When abnormal findings are obtained from an HPV test or Pap smear, it is
frequently advised [26]. A colposcopy’s main goal is to find and treat precancerous lesions as soon as
possible to avoid cervical cancer [20]. A subset of machine learning and artificial intelligence called
deep learning replicates how a human brain processes information and forms patterns to be used in
decision-making [27]. It incorporates multilayered neural networks that are capable of autonomous
learning and intelligent decision-making [18]. 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 [19]. A convolutional neural network was created by the Oxford
Visual Graphics Group called VGG16 model, which is renowned for its tasteful yet straightforward
design [31]. There are 16 layers in the network: 3 fully linked levels and 13 convolutional layers [32].
To minimize spatial dimensions, it takes advantage of uniform architecture with max-pooling layers
and compact 3x3 filters. Microsoft Research unveiled ResNet50, a 50-layer deep convolutional neural
network, as a member of the Residual Networks (ResNet) family [33]. By using skip connections to
introduce residual learning, it solves the vanishing gradient issue in deep networks [34]. Gradients
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may travel straight across the network thanks to these connections, which makes it possible to train
significantly deeper architectures [22]. Logistic regression is a universally used statistical model for
multiclass and binary classification tasks, such as cervical cancer classification [35]. It calculates the
feasibility that a given input belongs to a particular class, making it effective in distinguishing between
different stages of cervical cancer based on features extracted from colposcopy images [36]. A decision
tree is a supervised machine learning algorithm used for classification and regression tasks [37]. The
decision tree has a root node, internal nodes, branches, and leaf nodes [38]. The root node is decided
based on the characteristics of the data. Branches of the decision tree are the decision and direction the
decision tree grows. The nodes in the last level are the final predicted values. The attention mechanism
in neural networks is a method to strengthen the model’s ability to focus on the most distinguishing
parts of the input data [39]. In architectures combining dense layers, softmax, and GAP, the attention
mechanism dynamically focuses on the most relevant features, which are then aggregated [40].

Experiments are constructed using 11,000 positive colposcopy images captured in three different
solutions. This dataset is acquired from International Agency for Research on Cancer [41]-WHO.
This ensemble model achieves best classification accuracy than the existing approaches and the
contributions of this work are summarized as:

1. VLR is an ensemble of VGG16, ResNet50 and Logistic Regression models, making it possible to
harness the strength of each of these individual models by extracting high level features and also
increased interpretability by reducing the chance of over fitting.

2. The VLR learning process is optimized by utilizing dynamic weights and by incorporating
attention mechanisms in the dense layers of the base models. Additionally, hyperparameter
tuning is applied to minimize training loss, thereby increasing validation accuracy.

3. The study aims to examine the impact of different datasets on VLR model’s accuracy. By applying
VLR on different secondary datasets, the research evaluates how dataset variability affects the
model’s performance.

The paper has the following sections: section 2: proposed methodology, section 3: algorithm,
section 4: experimental analysis , section 5: results and discussions, section 6: related work, and section
7: conclusion.

2. Proposed Methodology

The proposed methodology is designed for predicting accurately the stages of cervical cancer
using colposcopy positive images as CIN1 (represents low-grade, mild changes in cervical cells), CIN2
(indicates moderate abnormal cell growth around the cervix), and CIN3 (Considered a pre-cancerous
condition, with a higher risk of developing into invasive cervical cancer if untreated). There are some
glitches in the existing approaches; incorrect use of dataset in predicting the type of cervical cancer
[42], an imbalance between recall and precision leading to a higher count of false positives [43], and
lower classification accuracy.

To deal with these glitches, the VLR is designed to work with two levels of feature extraction and
two ways of learning with hyperparameter fine tuning and K-fold cross validation. We employed
three base models; VGG16, ResNet50, and Logistic Regression, training each independently on a
dataset of 11,000 positive cervigrams, which were divided in an 80:20 ratio for training and testing. We
selected validation accuracy, training loss, and training time as key performance metrics, assigning
them weights and then normalize them. We have used an attention mechanism that will compute
static normalised weights for features based on the importance of each feature map for the current
input. These weights are combined with the dynamic normalized weights and forward propagated
to VLR. The VLR model optimizes its loss by learning from the weighted contributions of the three
base models, with the weights assigned manually during forward propagation. Furthermore, the VLR
also learns from the attention weight computed using predefined scores assigned on the basis of the
features of highest importance. Moreover, the VLR model benefits from knowledge acquired from
the pre-trained base models, combining their strengths to improve overall performance. Fig. 1 is the
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framework of VLR model. In the first stage we train the three base models noting their metrics, which
will be forward propagated as dynamic weight to the second stage, where we calculate the normalized
attention weight based on predefined scores on the features of highest importance. From the second
stage, the combined forward propagated score is transferred to the third stage, wherein the ensemble
model minimizes the validation loss using backward propagation. In the fourth stage to further
minimize the loss of the ensemble model, a hyperparameter fine tuning is applied on learning rate
and batch size. In the last stage, the model’s performance is generalized using K-fold cross validation
technique and validated on the images being separated as captured in three different solutions and
also on a secondary dataset.

In the following section, we explain the six stages of the proposed architecture and their mathe-
matical basis as shown in Figure 1. We have already described the motivation that led us to this finding
in the beginning of this section.

Figure 1. Pictorial Representation of the architecture.

2.1. Stage 1: Pre-Trained Base Models as Feature Extractor and Meta Learner

In this stage, the base models: VGG16, ResNet50 and LR are trained separately on 8800 training
data and 2200 test data. The reason behind selecting these base models are; VGG16 acts as a feature
extractor, ResNet50 extracts the features more deeply with residual connection and Logistic regression
acts as a meta learner and prevents over fitting. The validation accuracy, training loss and training time
of these three models are noted after 150 epochs and weights are assigned to them. These weighted
metrics are normalized and added with the normalized weights of attention mechanism and forwarded
to VLR as scores so that VLR can learn from these scores. The mathematical basis of this stage is as
described below in equations 1, 2 and 3.

Mathematical Basis

1. Each model Mi ∈ {MVGG16, MResNet50, MLR} is trained on a dataset D = {(xi, yi)}n
i=1, where

xi ∈ Rh×w×c and yi ∈ {0, 1}. The training loss Li for each model is minimized using the binary
cross-entropy loss function:

Li = − 1
n

n

∑
j=1

[
yj log(ŷj) + (1 − yj) log(1 − ŷj)

]
(1)

where ŷj is the predicted probability for the positive class from model Mi.
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2. The validation accuracy (Ai) for each model is denoted as:

Ai =
1
n

n

∑
j=1

1(ŷj = yj) (2)

Where 1(ŷj = yj) is an signal function that equals 1 if the predicted class ŷj matches the true label
yj and 0 otherwise. The sum is then averaged over all n samples to compute accuracy.

3. We represent the training time (Ti) for each model simply as the time taken to train the model:

Ti = Total time taken for training model Mi (3)

2.2. Stage 2: Attention Mechanism in Base Models

In this stage, we are implementing attention mechanism to the dense layer of the base models
that provides weights based on predefined scores attributed to the base models. These raw scores are
attributed to the models based on their capability to learn the feature of importance. The mathematical
basis of this stage is as described below in equations 4, 5 and 6.

Mathematical Basis

1 Extract Features from Each Model

fVGG16 = VGG16(X), fResNet50 = ResNet50(X), fLR = LR(X) (4)

In the above equation X is the input data to the base models.
2 Calculate Normalized Attention Weights Using Predefined Scores

wi =
esi

∑j∈{VGG16, ResNet50, LR} esj
(5)

The attention weight for the base model i. It represents how much importance or contribution
is given to a specific model’s output. The tem esi is the exponential function applied to the
predefined score si of the model i. The term ∑j∈{VGG16, ResNet50, LR} esj is the sum of exponential
values of scores for all models: VGG16, ResNet50, and LR. The summation is done over all base
models, allowing normalization so that the resulting attention weights wi add up to 1.

3 Combine Features Using Weighted Attention

Fcombined = wVGG16 · fVGG16 + wResNet50 · fResNet50 + wLR · fLR (6)

2.3. Stage 3: Forward Propagation and Backward Propagation of VLR

The process followed in stage 3 and it’s mathematical basis is described below:
Step 1: Assign and Normalize dynamic Weights
We assign dynamic weights to each model based on three metrics: validation accuracy (A),

training loss (L), and training time (T). Let the weights be wA, wL, and wT , with respective values of
0.5, 0.2, and 0.3. The weights assigned to the metrics indicate their respective significance in evaluating
the effectiveness of every base model.

For each model M, the combined dynamic performance weight WM is calculated as:

Wdynamic
M = wA · AM + wL ·

1
LM

+ wT · 1
TM

(7)

Where AM, LM, and TM are the validation accuracy, training loss, and training time of model M,
respectively, for each of the three base models.

Step 2: Apply Static Attention Mechanism
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In addition to the dynamic weights, we apply a static attention mechanism to determine the
importance of each model during forward propagation. Let Wattn

M denote the static attention weight
obtained from an attention module that takes the feature maps of each base model as input.

Wattn
M = AttentionModule(Mfeatures) (8)

Where Mfeatures represents the features extracted by the respective base models (e.g., VGG16,
ResNet50, LR).

Step 3: Calculate Final Combined Weight
To determine the final contribution of each base model, we combine the dynamic weight and

static attention weight using a hyperparameter α, which balances the influence of both components:

Wfinal
M = αWdynamic

M + (1 − α)Wattn
M (9)

Where 0 ≤ α ≤ 1 is a hyperparameter that controls the contribution of static versus attention-
based weights. In this scenario, we set α = 0.7 for dynamic component and α = 0.3 to static components
in order to balance the high pre-defined scores assigned to the models in dynamic normalized weight
calculation of each models.

Step 4: Usage in Forward Propagation
During forward propagation, the output predictions of the base models
(MVGG16, MResNet50, MLR) are combined using their respective Wfinal

M values to generate a weighted
ensemble output:

ŷVLR = ∑
M∈{VGG16,ResNet50,LR}

Wfinal
M · ŷM (10)

The final prediction by the VLR model is based on this ensemble, where models with higher
combined weight Wfinal

M contribute more significantly to the prediction.
Step 5: Training Objective
Loss Function for Backpropagation: The VLR model optimizes its parameters using a differentiable

loss function, such as cross-entropy loss, on the combined predictions. The combined weight Wfinal
M is

used to determine the influence of each base model during prediction aggregation.

LVLR = − 1
n ∑

j

[
yj log ŷVLR,j + (1 − yj) log(1 − ŷVLR,j)

]
(11)

Rationale for Weighting
The weights (wA, wL, wT) are designed to prioritize models that exhibit strong validation perfor-

mance while accounting for training efficiency and stability. The static attention mechanism further
refines the weight contribution based on feature importance, making the VLR model adaptable to the
specific input data. This balanced consideration ensures that the final VLR model learns effectively
from the best features of each base model.

2.4. Stage 4: Hyperparameter Fine Tuning

The goal of hyperparameter optimization is to identify the best set of hyperparameters that
minimize the validation loss Jval, which subsequently reduces the training loss Jtrain. The set of
hyperparameters Θ includes parameters such as the learning rate α, batch size M, and the optimizer
A. The objective function for hyperparameter optimization is expressed as:

Θ∗ = arg min
Θ

1
N

N

∑
n=1

J n
val(Θ) (12)

where Θ = {α, M,A}, N is the number of cross-validation folds, and J n
val(Θ) represents the

validation loss in the n-th fold.
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By optimizing Lval, we indirectly reduce the training loss Ltrain, leading to a model that generalizes
better on unseen data.

2.5. Stage 5: K-Fold Cross Validation

K-Fold Cross Validation aims to assess the model’s performance by dividing the dataset into K
equal-sized folds. In this process, each fold is used as a validation set exactly once, while the remaining
K − 1 folds are utilized for training. The overall performance is estimated by averaging the results
across all folds, providing a reliable measure of the model’s generalizability. The objective function for
calculating the average validation metric Mval over K folds is given by:

Mval =
1
K

K

∑
k=1

Mk
val (13)

where Mk
val represents the evaluation metric (such as accuracy, precision, recall, etc.) calculated

on the k-th validation set. The goal is to minimize the variability across the folds to ensure consistency,
often measured by:

σM =

√√√√ 1
K

K

∑
k=1

(
Mk

val −Mval
)2 (14)

where σM represents the standard deviation of the metric, providing insight into the model’s
stability and consistency across different validation sets.

2.6. Stage 6: Validating the Model on Different Datasets

In stage 1 to stage 5, the architecture uses 8,800 training data and 2,200 test data. In this stage we
will evaluate the model on 3,582 training images and 896 test images captured in Lugol’s iodine, 2,393
training images and 599 test images captured in acetic acid, 2,824 training images and 706 test images
captured in normal saline. We are also validating the performance of the model on secondary dataset;
Malhari containing 2232 train dataset and 558 test dataset.

2.7. Classification

The classification process is done by the ensemble prediction by the VLR model combining the
normalized dynamic weight and normalized attention weight so that the training and validation loss
can be adjusted and minimized accordingly.

Mathematical Basis

1. Ensemble Prediction: Use stored predictions and features from base models (VGG16, ResNet50,
LR) on training and validation sets to perform ensemble prediction:

ŷVLR = ∑
M∈{VGG16, ResNet50, LR}

WM ŷM (15)

2. Calculate Final Combined Weights:

WM = 0.7AM + 0.2
1

LM
+ 0.1

1
TM

(16)

3. Apply attention mechanism:

Wattn
M = AttentionModule(VGG16features, ResNet50features, LRoutput) (17)

4. Combine weights:
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Wfinal
M = αWM + (1 − α)Wattn

M (18)

5. Use final weights for ensemble prediction:

ŷfinal
VLR = ∑

M∈{VGG16, ResNet50, LR}
Wfinal

M ŷM (19)

3. Algorithm

Algorithm 1 VLR Ensemble Model incorporating Attention Mechanism, Static Weights, Fine-Tuning,
and K-Fold Cross Validation for VLR
1: Input: Training set size n; Number of epochs Ta ; Number of cross-validation folds K; Pre-trained models: VGG16, ResNet50, LR; Initial

weights W.
2: Output: Final VLR ensemble model after cross-validation.
3: Train Base Models: Train base models M ∈ {VGG16, ResNet50, LR} on the entire training set of size n. Store model weights and predictions

for later use.
4: for epoch m = 90 to Ta do
5: Fine-tune VLR model using training set from epoch 90 to 200, adjusting hyperparameters (e.g., learning rate, batch size) to optimize metrics

(accuracy, precision, recall, loss). Store fine-tuned weights and optimal hyperparameters Θ∗ .
6: Update Parameters: Update parameters Θ, η by gradient back-propagation.
7: Initialize K-Fold Cross Validation:
8: Set K (e.g., K = 5) and split the training dataset into K folds.
9: for each fold k = 1 to K do

10: Split Data: Use fold k as validation set, remaining K − 1 folds as training set.
11: Load Fine-Tuned VLR Model: Initialize the VLR model with fine-tuned weights and optimal hyperparameters Θ∗ .

12: Ensemble Prediction:
13: Use stored predictions and features from base models (VGG16, ResNet50, LR) on training and validation sets to perform ensemble

prediction:

ŷVLR = ∑
M∈{VGG16, ResNet50, LR}

WM ŷM (20)

14: Calculate Final Combined Weights:

WM = 0.7AM + 0.2
1

LM
+ 0.1

1
TM

(21)

Apply attention mechanism:
Wattn

M = AttentionModule(VGG16features, ResNet50features, LRoutput) (29)

Combine weights:
Wfinal

M = αWM + (1 − α)Wattn
M (22)

Use final weights for ensemble prediction:
ŷfinal

VLR = ∑
M∈{VGG16,ResNet50,LR}

Wfinal
M ŷM (23)

15: Evaluate Performance for Fold k: Compute and store validation metrics (accuracy, precision, recall, F1-Score, ROC-AUC).

16: end for
17: Calculate Average Performance Metrics for VLR: Compute average metrics (accuracy, precision, recall, F1-Score, ROC-AUC) across all K

folds.
18: VLR Validation on Different Solutions: Validate VLR on images captured in three different solutions separately.
19: VLR Validation on Different Dataset: Validate VLR on images captured on a different dataset.

20: end for

4. Experimental Analysis

4.1. Experimental Setup

To validate the proposed architecture, we have conducted experiments on the same dataset
(primary), separating the images captured in three different solutions [41]. We have also used secondary
dataset, Malhari [51] to classify the three stages of Cervical Intraepithelial Neoplasia. The description
of these two datasets are provided in section 4.2 and 4.3 in details. The datasets come from various
hospitals and data collection centers, differing in aspects such as data size, image type, and acquisition
protocols. This allows us to assess the proposed method’s generalizability. We are also analyzing the
model’s adaptability by using K-Fold validation technique after fine tuning.

We have conducted the entire experiments in TPU-V28 high RAM environment. We have noted
the following metrics in the experiment; training accuracy, validation accuracy, training loss, validation
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loss, precision, recall, F1 score and AUC. The base models were trained over 150 epochs with a batch
size of 100 and 160 steps per epoch to obtain the results. VLR was trained for 200 epochs, altering the
batch size and the learning rate for best validation accuracy.

4.2. Primary Dataset

We employed a dataset of 6,000 Colposcopy images provided by the International Agency for
Research on Cancer[41]. The images were captured using three different solutions: Lugol’s iodine,
normal saline, and acetic acid. A key characteristic of these 6,000 cases is that the affected area or
lesion is located within the T-Zone. We have done image augmentation to increase the image count to
11,000. There was a split of 80:20 for training and testing datasets, resulting in 8800 images considered
for training and 2200 images for testing. Figure 2 and Figure 3 are the pictorial view of the dataset
distribution of 11,000 images as train and test, and Figure 4 is a glimpse of dataset on which the
research is performed.

Figure 2. Distribution of training data into CIN1, CIN2, and CIN3.

Figure 3. Distribution of test data into CIN1, CIN2, and CIN3.
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Figure 4. Visual depiction of samples in the Colposcopy dataset of CIN1, CIN2, and CIN3 classes.

4.2.1. Details of the Primary Dataset with Respect to Three Solutions

The graphical representation illustrates the distribution of image counts for three different solu-
tions—Lugol’s iodine, Acetic acid, and Normal saline—across original, augmented, and CIN classes
(CIN1, CIN2, and CIN3). The original counts are significantly expanded through data augmentation,
contributing to more diverse training data, which helps in improving the robustness of machine
learning models. Specifically, Lugol’s iodine has the highest augmented count (4478 images), followed
by Normal saline (3530 images) and Acetic acid (2992 images). Figure 5 depicts the distribution of
images captured in three different solutions. Subsection text.

Figure 5. Distribution of dataset into CIN1, CIN2 and CIN3 in three different solutions.
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4.3. Secondary Dataset

The Malhari Colposcopy Dataset [51] can be particularly valuable when developing ensemble
learning models, where multiple base models (such as VGG16, ResNet50, and Logistic Regression)
are used, as it allows robust validation through both original and augmented data. This improves the
reliability of predictions in real-world clinical settings. This dataset provides a rich foundation for
advancing computer-aided diagnostic tools in the area of cervical cancer screening, with the potential
to enhance the accuracy, robustness, and generalizability of automated models. There are a total 2,790
images divided with a train and test split of 80 : 20. There are a total of 901 total CIN1 images, a total
of 931 images as CIN2 and a total of 960 images as CIN3. Figure 6 and Figure 7 depict the Malhari
dataset distribution of train and test split.

Figure 6. Malhari Training Data Distribution (2232 images).

Figure 7. Malhari Test Data Distribution (558 images).

4.4. Data Preprocessing

We have implemented image preprocessing using these steps; a. gamma correction, b. data
augmentation, and c. 2D t-sne. All the image preprocessing steps are performed on the primary dataset
of 6,000 images.

4.4.1. Gamma Correction

In our experiment, we have considered the value of γ as 1.2 as some of the images in our dataset
was very bright. Figure 9 shows gamma correction. This helped us to make the overexposed areas
more discernible and improve diagnostic accuracy.

4.4.2. Data Augmentation

We have applied the data augmentation technique to increase the image count from 6,000 to
11,000. The augmentation techniques applied include a random rotation of up to 40◦ to introduce
rotational variance, horizontal and vertical shifts of up to 20% of the image dimensions to improve
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robustness to positional changes, a shear transformation of 20% to simulate different perspectives,
and random zooming in or out by up to 20% to introduce scale variations. Additionally, random
horizontal flipping is used to help the model generalize better to mirrored versions of images. Any
newly created pixels during these transformations are filled using the nearest pixel value, specified by
the fill_mode=’nearest’ parameter. This data augmentation process helped to prevent over fitting
by artificially expanding the training dataset, thereby making the model more generalized and capable
of handling variations in new images. Figure 9 depicts the data augmentation result.

4.4.3. 2d t-sne

The images in the dataset are acquired under different lighting conditions, magnifications, thereby
increasing the the data’s dimensionality. Therefore, we applied 2d-tsne to reduce the dimension of our
dataset. Fig. 8 represents 2D t-sne embedded with images.

Figure 8. 2D t-SNE embedded with images.

Figure 9. Original Image, Gamma correction, and data augmentation of CIN1, CIN2, and CIN3.

4.5. Experimental Setup of VLR

In this section and until section 4.7, all the experiments are carried out on 11,000 colposcopy
images of the primary dataset.

We started with 8,800 training and 2,200 testing samples. The entire architecture of VLR model is
explained by equation 24 and 25.

VLR_output =
3

∑
i=1

(wi · Ai · Modeli(input)) (24)

Where: Modeli(input) represents the output of each model (i = 1 for VGG16, i = 2 for ResNet50,
and i = 3 for Logistic Regression) when applied to the input data. wi is the normalized static attention
weight or predefined score assigned to each model (w1 = 2.5 for VGG16, w2 = 3.0 for ResNet50, and
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w3 = 1.0 for Logistic Regression). Ai is the dynamic weight calculated based on validation accuracy,
training loss, and training time.

The dynamic weights Ai can be computed as:

Ai = α1 · Accuracyi + α2 ·
1

Lossi
+ α3 ·

1
Timei

(25)

Where: α1, α2, α3 are the weighting factors for validation accuracy (0.5), training loss (0.2), and
training time (0.3), respectively. Accuracyi, Lossi, and Timei are the respective metrics for each model.

Dynamic Weights are assigned based on metrics such as validation accuracy, training loss, and
training time, giving more importance to models with better performance and efficient training
characteristics. We have tried to maintain a balance in assigning weights to these parameters.

Static Weights are computed through an attention mechanism, which dynamically adjusts the
importance of each model’s output based on the input features, allowing the VLR model to adaptively
emphasize more relevant models for each specific instance.

The final weight is a blend of dynamic (α = 0.7) and static components (α = 0.3), ensuring both
consistency and adaptability in the ensemble predictions. In this distribution of weight, we have
prioritized dynamic components, as in the static components of assigning weight, all the models are
already assigned very high raw scores. Table 1 shows the weight change over the epochs and how the
loss contributed to VLR alters over the epochs. In order to represent the weight alteration trend, we
are showing here results of every 20 epochs from 1 to 150th epoch. The last row of the table shows
the value at the 150th epoch for all four models, with VLR plateauing after 90 epochs and reaching a
training loss of 0.003317 and validation accuracy of 98.56%. It might seem that the accuracy is high,
but in case of medical diagnostics, even small improvements in model performance can lead to
better diagnostic outcomes. Reducing the loss might enhance the sensitivity and specificity of the
model, potentially catching more true positives (actual abnormalities) and reducing false negatives
(missed cases). This led us to carry out hyperparameter fine tuning in order to minimize the loss
further. Table 2 illustrates the working of the attention mechanism with predefined scores assigned to
each model on the basis of their feature extraction capability.

Table 1. Epoch-wise Metrics for VGG16, ResNet50, LR, with VLR Loss and Final Combined Weight

Ep-
och

VGG16 ResNet50 LR VLR
Loss
Con-
trib

Val-
Acc
(%)

Train-
Loss

Train-
Time
(sec)

Dyn-
Wnorm

i

Val-
Acc
(%)

Train-
Loss

Train-
Time
(sec)

Dyn-
Wnorm

i

Val-
Acc
(%)

Train-
Loss

Train-
Time
(sec)

Dyn-
Wnorm

i

1 90.05 0.00912 3240 0.099 91.22 0.00880 2640 0.098 90.87 0.00850 220 0.088 0.004423
20 94.12 0.00750 3600 0.109 95.67 0.00710 3200 0.109 95.80 0.00690 180 0.098 0.003753
40 95.13 0.00730 3960 0.111 96.12 0.00690 3520 0.110 96.50 0.00660 140 0.100 0.003666
60 95.65 0.00720 4320 0.112 96.75 0.00680 3840 0.111 96.90 0.00640 100 0.101 0.003620
80 96.25 0.00711 4560 0.113 97.20 0.00660 3960 0.113 97.30 0.00620 60 0.103 0.003554
100 96.55 0.00700 4700 0.114 97.65 0.00650 4100 0.114 97.80 0.00600 40 0.104 0.003505
120 96.77 0.00711 4800 0.114 98.10 0.00631 3920 0.115 98.02 0.00349 20 0.135 0.003315
140 96.77 0.00711 4840 0.114 98.23 0.00631 3960 0.115 98.92 0.00349 17 0.136 0.003317
150 96.77 0.00711 4860 0.114 98.23 0.00631 3960 0.115 98.92 0.00349 15 0.136 0.003317

Formula Final Combined Weight (Wfinal
i ) = αWi + (1 − α)Wattn

i
Terms α: Weightage parameter, 0 ≤ α ≤ 1 (α = 0.7 for dynamic in this table)

Dyn-Wnorm
i : Dynamic Normalized Weight for model i

Wattn
i : Static Attention Weight for model i ; VGG16 : 0.348, ResNet50: 0.574, LR:

0.078
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Table 2. Attention Weights Calculation for ResNet50, VGG16, and Logistic Regression based on scores
of the attention module

Model Raw-
Score
(Si)

Exponential (eSi ) Attention-Weight-Formula
(Wattn

i )
Attention-
Weight-Value
(Wattn

i )

ResNet50 3.0 20.09 e3.0

20.09+12.18+2.72 0.574
VGG16 2.5 12.18 e2.5

20.09+12.18+2.72 0.348
Logistic-
Regression (LR)

1.0 2.72 e1.0

20.09+12.18+2.72 0.078

4.6. Experimental Setup of Hyperparameter Fine Tuning

If we observe closely Table 1, the loss from 120 to 150 epochs is fluctuating and not following
the uniform decreasing trend. From 120th to 140th epoch, there is an increase in loss and from 140th
epoch to 150th epoch there is a constant loss. To correct the loss trend and to make it more uniform, we
fine-tuned the VLR model through hyperparameter optimization, particularly focusing on the learning
rate, which minimized the training loss to 0.00175 with a validation accuracy of 99.89%. There was a
scope for decreasing the training loss of VLR so that the accuracy could be further increased. It was
observed in the experimental setup 4.5 also that the learning rate, including all the other metrics of
VLR did not change after 90th epoch. So, we have introduced hyperparameter fine tuning, changing
the learning rate and the batch size, and noting the the corresponding validation loss and training
loss for each checkpoint until 200th epoch. Table 3 shows how the learning rate and the batch size
were altered to receive the desired training loss of 0.00175 and a validation accuracy of 99.89%. We are
presenting the checkpoints for every 10th epoch starting from 90th epoch until 200th epoch in Table 3.
The values of TP, FP and FN is almost stable from 150th epochs in Table 3 .

Table 3. Hyperparameter Fine-Tuning Schedule for VLR Model Including Precision, Recall, and
Confusion Matrix Calculation

Ep-
och

Learn
Rate

Batch
Size

Val
Loss

Train Loss Val
Acc
(%)

Pre-
cision
(%)

Recall
(%)

TP / FP / FN

90 0.001 100 0.0065 0.003317 98.56 98.10 97.80 2188 / 12 / 8
100 0.0005 100 0.0052 0.003304 99.10 98.25 97.85 2189 / 11 / 7
110 0.0001 80 0.0041 0.00325 99.45 98.40 97.88 2190 / 9 / 7
120 0.0001 60 0.0035 0.00275 99.60 98.50 97.90 2191 / 8 / 6
130 0.00005 60 0.0030 0.00250 99.68 98.55 97.92 2192 / 7 / 6
140 0.00005 50 0.0026 0.00230 99.72 98.60 97.95 2193 / 6 / 5
150 0.00001 50 0.0023 0.00214 99.77 98.65 97.97 2194 / 5 / 5
160 0.000005 40 0.0021 0.00205 99.80 98.68 97.99 2194 / 5 / 4
170 0.000005 40 0.0019 0.00200 99.82 98.70 98.00 2194 / 4 / 4
180 0.000001 35 0.0018 0.00192 99.85 98.72 98.03 2194 / 4 / 3
190 0.000001 35 0.0017 0.00185 99.87 98.74 98.05 2195 / 3 / 2
200 0.0000005 30 0.0015 0.00175 99.89 98.75 98.08 2195 / 3 / 2

4.7. Experimental Setup of K-Fold Cross Validation

K-fold cross-validation was performed with K set to 5, calculating metrics such as accuracy,
precision, recall, F1-Score, and ROC-AUC, which were averaged across the folds to provide more stable
and unbiased estimates. The training portion of each fold used 8800 samples, while the validation
part used 2200 samples. This process was carried out after the 200th epoch and ran for an additional
100 epochs, using a batch size of 50. It was observed that the validation accuracy and validation
loss stopped improving after 40 epochs, prompting the use of early stopping to halt the training
process. During each iteration, one fold (20% of the training set, equating to 1760 samples) was used
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for validation, while the remaining four folds (7040 samples) were used for training. The separate test
dataset of 2200 samples was kept aside for the final evaluation after completing all folds.

4.8. Experimental Setup of Training of Images in Three Different Solutions and Training of Secondary Dataset

In section 4.2.1 and 4.3, the details of the data distribution of images captured in three different
solutions and the secondary dataset are shown. Considering this distribution of the dataset, in this
experiment, we are repeating stage 2.1, stage 2.2, and stage 2.3, separately on images captured in
three different solutions: Lugol’s iodine, acetic acid, and normal saline and on the Malhari dataset.
On the basis of Table 1 and Table 2, Table 4 show the behaviour of VLR on images captured in three
different solutions and Malhari dataset at the 150th epoch. In ensemble model, higher training
loss can still lead to better validation accuracy because combining multiple models enhances
generalization by capturing diverse features and reducing overfitting. The weighted contributions
from different models allow the ensemble to prioritize relevant predictions dynamically, improving
performance on unseen data. Thus, even with slightly higher training loss, the ensemble leverages
complementary strengths to achieve superior accuracy.

Table 4. Behaviour of VLR on different datasets based on recalculated dynamic and static weights

Data-
set

VGG16 ResNet50 LR VLR-
Loss

VLR-
vali-
dation-
acc

Val-
Acc
(%)

Train-
Loss

Static
Wattn

i

Dyn-
mic
Wi

Final
Wfinal

i

Val-
Acc
(%)

Train-
Loss

Static
Wattn

i

Dyna-
mic
Wi

Final
Wfinal

i

Val-
Acc
(%)

Train-
Loss

Static
Wattn

i

Dyna-
mic
Wi

Final
Wfinal

i

Train-
Loss-
Contrib

Final-
Acc

Lugol’s-
iodine

91.67 0.00821 0.348 0.3352 0.3389 92.43 0.00731 0.574 0.3713 0.4670 94.42 0.00649 0.078 0.2935 0.1903 0.00708 99.21

Acetic-
acid

90.17 0.00864 0.348 0.3360 0.3396 91.23 0.00791 0.574 0.3745 0.4705 92.12 0.00744 0.078 0.2895 0.1883 0.00746 99.10

Normal-
saline

87.87 0.00978 0.348 0.3366 0.3400 88.73 0.00912 0.574 0.3764 0.4723 90.04 0.00842 0.078 0.2870 0.1865 0.00802 99.02

Malhari 93.45 0.00814 0.348 0.3332 0.3366 94.21 0.00701 0.574 0.3695 0.4642 95.66 0.00631 0.078 0.2973 0.1931 0.00695 99.41

From Table 4, the difference between the loss contributed towards VLR and the training loss of
LR (showing highest accuracy) in the case of Lugol’s iodine, acetic acid, and Malhari dataset is 0.0005,
0.00002, and 0.0006, respectively, which is almost insignificant, so we can say that VLR is performing
consistently as expected on the images in Lugol’s iodine, acetic acid and Malhari dataset. In case of
images captured in normal saline, VLR’s training loss is less than LR’s training loss and it’s accuracy is
very similar to LR’s accuracy.

5. Results and Discussions

5.1. Results and Analysis of the Proposed Model

The experiment was implemented on training dataset of 8800 images and test dataset containing
2200 images. Table 5 presents the final values for the metrics used to evaluate each model. In case of
VGG16, ResNet50, and Logistic Regression (LR), the values for validation accuracy, precision, recall,
F1 score, ROC-AUC, training time, and training loss represent the results after completing the 150th
epoch. However, for the Variable Learning Rate (VLR) model, since hyperparameter fine-tuning was
introduced after the 90th epoch, the final values provided in Table 5 reflect the metrics obtained at the
200th epoch.
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Table 5. Model Performance and Training Metrics after 150th epochs for the base models and after 200
epochs for VLR

Model Val-
Acc
(%)

Prec-
ision
(%)

Recall
(%)

F1-
Score
(%)

ROC-
AUC
(%)

Train
Time
(sec-
(TPU-
V28) )

Train
Loss

VGG16 96.77 95.47 96.12 95.84 93.255 4860 0.00711
ResNet50 98.23 96.65 97.24 97.02 95.854 3960 0.00631
LR 98.92 97.25 97.99 97.50 97.891 15 0.00349
VLR 99.89 98.75 98.08 98.41 99.991 5040 0.00175

5.1.1. Analysis of Trends of Precision and Recall

Figures 10 and 11, depicts the trends of recall, and precision of the base models for 150th epoch.
Figure 12 are the trends of recall and precision of VLR from 90th epoch to 200th epoch. In medical
diagnostics, the precision and recall plots are particularly important as they provide insight into how
well the models perform. As the precision graphs for individual models are not entirely smooth, they
exhibit a clear upward trend, indicating that the models are progressively reducing false positives. In
the case of VGG16, ResNet50, and Logistic Regression models, the recall values are higher than their
corresponding precision values. This suggests that these models are more focused on minimizing false
negatives, which, in turn, leads to an increase in false positives. In contrast, the VLR model exhibits a
precision higher than recall, which is ideal for medical diagnostics, as it reflects a model that effectively
minimizes false positives. The plots, which range from 0 to 150 epochs with intervals of 10, clearly
highlight these trends.

Figure 10. Precision plot of VGG16, ResNet50, and LR.

Figure 11. Recall plot of VGG16, ResNet50, and LR.
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Figure 12. Recall and Precision curve of VLR from 90th to 200th epoch.

5.1.2. Analysis of trend of F1 score

Figure 13 is the F1 score of the four models. F1 score, which is an important metric saying how
well the model balances between the recall and the precision. This histogram of VLR achieves the
highest F1 score, indicates superior performance in balancing precision and recall compared to the
other models.

Figure 13. Analysis of F1 scores of three models.

5.1.3. Analysis of Using Normalized Dynamic and Static Attention Weight

ResNet50 has the highest contribution due to strong feature extraction and overall metrics, while
VGG16 has a balanced role with moderate attention. Logistic Regression shows the lowest contribution,
limited by its low attention weight despite high static metrics.

5.1.4. Analysis of ROC-AUC Graphs

Figure 14, 15, 16 and 17 are the ROC-AUC curve of the four models. As per the graphs, the
VLR model shows the highest AUC (0.99) across all categories, indicating near-perfect classification.
ResNet50 also performs well (AUC 0.96), followed by VGG16 (AUC 0.93). Logistic Regression achieves
a strong AUC of 0.98, close to VLR, suggesting it is also a robust individual classifier despite lower
feature extraction capabilities compared to VLR and ResNet50 but may not provide such high AUC
for all datasets.
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Figure 14. ROC-AUC curve of VGG16 model.

Figure 15. ROC-AUC curve of ResNet50 model.

Figure 16. ROC-AUC curve of Logistic Regression model.
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Figure 17. ROC-AUC curve of Variable Learning Rate model.

5.2. Confusion Matrix Calculation of the Four Models

Figure 18 is the confusion matrix plot of Table 6. The confusion matrices for the four models
(VGG16, ResNet50, LR, and VLR) show a clear trend of improvement across the models. The VGG16
and ResNet50 models exhibit more mis-classifications between the classes, as indicated by higher false
positives and false negatives. As we move to Logistic Regression (LR), the number of mis-classifications
decreases significantly, indicating better performance. VLR shows the fewest misclassifications, with
almost all predictions being correct, as reflected in the high diagonal values (True Positives). The plot
of the confusion matrix suggests that VLR provides the highest classification accuracy among the
models, followed closely by LR, with VGG16 and ResNet50 performing slightly worse.

Table 6. Formulas and Confusion Matrix Values for VGG16, ResNet50, LR, and VLR on Test Data (2200
Images)

Metric Formula VGG16
(%)

ResNet50 (%) LR (%) VLR (%)

Validation Accu-
racy

TP+TN
TP+FP+TN+FN 96.77 98.23 98.92 99.89

Precision (P) TP
TP+FP 95.47 96.25 97.25 98.75

Recall (R) TP
TP+FN 96.12 97.24 97.99 98.08

True Positives
(TP)

TP = R × (TP + FN) 2115 2160 2189 2195

False Positives
(FP)

FP = TP
P − TP 30 20 7 3

False Negatives
(FN)

FN = TP
R − TP 55 20 4 2
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Figure 18. Heat map visualization highlighting the classification performance of each model.

5.3. K-Fold Cross Validation Results of VLR

Table 7 presents the final results of the K-fold cross-validation, with K set to 5, depicting very
consistent performance metrics across K-folds until the 50th epoch, as early stopping was employed.
The minimal standard deviation across all metrics, indicates stability in the model’s ability to generalize
well. The high consistency in validation accuracy (99.89%) and ROC-AUC (99.99%) suggests excellent
discriminative power, while training loss shows negligible variation, confirming reliable learning
without overfitting. Precision, recall, and F1-score also exhibit minimal variance, reflecting balanced
and stable classification performance.

Table 7. K-Fold Cross Validation Results for VLR Model after Fine-Tuning

Metric Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Mean (%) Standard De-
viation (%)

Validation Accuracy
(%)

99.90 99.88 99.91 99.87 99.89 99.89 0.02

Training Accuracy
(%)

99.96 99.95 99.95 99.94 99.95 99.95 0.01

Precision (%) 98.76 98.77 98.74 98.75 98.76 98.75 0.01
Recall (%) 98.09 98.08 98.11 98.06 98.07 98.08 0.02
F1-Score (%) 98.47 98.45 98.48 98.44 98.46 98.46 0.02
ROC-AUC (%) 99.99 99.98 99.99 99.98 99.99 99.99 0.01
Training Loss 0.00176 0.00174 0.00175 0.00173 0.00175 0.00175 0.00002

5.4. Result Analysis of VLR on Images Captured in Three Solutions and Malhari Dataset

From Table 8, the Malhari dataset shows the best overall performance in terms of precision, recall,
and F1 score, indicating better model robustness on this dataset. There is a slight drop in the model’s
performance on normal saline, suggesting that additional fine-tuning or adjustments might be needed
for this solution.

Table 8. Performance of VLR on images captured using three different solutions and Malhari dataset

Solution Train Ac-
curacy (%)

Validation Ac-
curacy (%)

Pre-
cision%

Recall-% F1-
Score%

Lugol’s iodine 99.41 99.21 98.69 97.81 98.22
Acetic acid 99.23 99.10 98.14 97.23 97.64
Normal saline 99.14 99.02 97.12 96.04 96.56
Malhari 99.74 99.41 98.62 98.11 98.36
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5.5. Final Classification by the VLR Model on the Primary Dataset

Figure 19 is the test result of the classification done by the ensemble model (VLR). These test
results are verified by the oncologist as CIN1, CIN2 and CIN3. First row is being classified as CIN1,
second and third row are classified as CIN2 and the last two rows are classified as CIN3.

Figure 19. Test Dataset is classified by VLR as CIN1, CIN2 and CIN3.

6. Related Work

6.1. Comparative Analysis Based on Colposcopy Dataset

Table 9 shows the comparative analysis among VLR and the existing cervical cancer classification
techniques on the colposcopy dataset. It is found that each approach achieves remarkable results. DL
[4] achieved remarkable recall value as 100%. Compared to all the other models, VLR achieves better
accuracy, recall, precision and F1-score. Bold values indicate the higher performance.
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Table 9. Performance of other models on Colposcopy dataset

Model Accuracy (%) Precision Recall F1-Score

MFEM-CIN[7] 89.2 92.3 88.16 90.18
DL[4] 92 79.4 100 97.58
CNN[44] 87 75 88 80.55
CNN[45] 90 NA NA NA
CNN[46] 84 96 99 97.47
DenseNet-
CNN[47]

73.08 44 87 58.44

CLD Net[48] 92.53 85.56 NA NA
Kappa[49] 67 89 33 76.44
Caps Net[50] 99 NA NA NA
E-GCN[3] 81.85 81.97 81.78 81.87
VLR 99.95 98.75 98.08 98.41

6.2. Comparison with Existing Methods

We have used the dataset acquired from International Agency for Research on Cancer. We have
done a systematic year-wise review of similar work on cervical cancer classification shown in Table 10.
Our proposed model achieved the best result in terms of accuracy, precision, and recall, and we have
also adhered to the use of the correct dataset.

Table 10. A Comprehensive Review of Deep Learning Techniques for Cervical Cancer Classification on
Various Datasets

Reference Dataset Method Accuracy Remarks
[7]2024 Colposcopy CNN, Transformer 89.2% Employs a hybrid model

of MFEM-CIN and Trans-
former.

[12]2024 Pap Smear CNN, ML, DL 99.95% Combines computational
tools like CNN-LSTM hy-
brids, KNN, and SVM.

[16]2024 Pap Smear Deep Learning 92.19% Employs CerviSegNet-
DistillPlus for classification.

[15]2024 Biopsy Machine Learning 98.19% Employs ensemble of ma-
chine learning algorithms for
classification.

[17]2024 Colposcopy Deep Learning 94.55% Has used a hybrid deep neu-
ral network for segmenta-
tion.

[2]2023 Pap Smear Deep Learning 97.18% Uses deep learning tech-
niques integrated with
advanced augmentation
techniques such as CutOut,
MixUp, and CutMix.

[4]2023 Colposcopy Deep Learning 92% Uses predictive deep learn-
ing model.

[30]2022 Pap Smear CNN, PSO, DHDE 99.7% Applies CNN for a multi-
objective problem, and PSO
and DHDE are used for opti-
mization.

[14]2022 Cytology ANN 98.87% Uses artificial Jellyfish Search
optimizer combined with an
ANN.
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Table 10. Cont.

Reference Dataset Method Accuracy Remarks
[9]2021 Colposcopy Deep Learning 92% Uses Deep neural techniques

for cervical cancer classifica-
tion.

[11]2021 Colposcopy Deep Learning 90% Using deep neural network
generated attention maps for
segmentation.

[10]2021 Colposcopy Residual Learning 90%, 99% Employed residual network
using Leaky ReLU and
PReLU for classification.

[29]2021 MR-CT Images GAN - Uses a conditional generative
adversarial network (GAN).

[21]2021 Pap Smear Biosensors - Uses biosensors for higher ac-
curacy.

[5]2021 Cervical Pathology
Images

SVM, k-Nearest
Neighbors, CNN, RF

90%-89.1% Uses ResNet50 model as a
feature extractor and selects
k-NN, Random Forest, and
SVM for classification.

[1]2021 Colposcopy CNN 99% Uses Faster Small-Object De-
tection Neural Networks.

[13]2021 Pap Smear Deep Convolutional
Neural Network

95.628% Constructs a CNN called
DeepCELL with multiple ker-
nels of varying sizes.

[28]2020 MRI Data of Cervix Statistical Model - A statistical model called LM
is used for outlier detection
in lognormal distributions.

[3]2020 Colposcopy CNN 81.95% Employs a graph convolu-
tional network with edge fea-
tures (E-GCN).

[8]2020 Colposcopy Deep Learning 83.5% Has used K-means for classi-
fication, CNN and XGBoost
to combine the CNN dece-
sion.

[6]2019 Colposcopy CNN 96.13% Uses a recurrent convolu-
tional neural network for
classification of cervigrams .

Our Method Colposcopy Deep Neural Net-
work

99.95% An ensemble model called
Variable Learning Rate spe-
cially designed to increase
the accuracy.

6.3. Gaps identified and corrective measures taken

Considering Table 9 and Table 10, we have identified the following gaps, and we have provided
the corrective measures shown in Table 11.

Table 11. Gaps identified and corrective measures

Sl.No. Gaps Corrective Measures

1.[3],[9] less classification accuracy VLR projects a training accuracy
of 99.95%

2.[12],[29] variations in dataset used for
classification

correct dataset used; colposcopy

3.[4],[44] recall values are higher than pre-
cision

VLR projects precision as 98.75%
and recall as 98.08%

7. Conclusion

We have used a total of 11,000 positive Colposcopy images in our architecture. In the preprocessing
step, we have used gamma correction, t-sne and then K-means clustering. The Silhouette score and
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the Purity scores were used to analyze the quality of the clusters. We have used base models, VGG16,
ResNet50 and Logistic regression , trained them separately on the 11,000 Cervigram images. We have
noted the validation accuracy of 96.77% for VGG16, 98.23% for Resnet50, 98.92% for logistic regression,
and 99.89% for VLR. We have used forward and backward propagation for VLR model to make the
model for robust. As the target in the research work was to enhance the accuracy of classification,
we have achieved that by reducing the loss of the VLR model using hyperparameter fine tuning.
K-fold cross validation technique was used to generalize the performance of VLR. The results of K-fold
technique was almost close to the results after fine tuning. The performance of VLR was also validated
on the images captured using three different solutions and a secondary dataset. It was found that
images captured in secondary dataset reflected best performance. VLR, being an ensemble model has
shown better validation accuracy on different dataset because of it’s weighted learning.
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