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Cervical cancer remains one of the leading causes of cancer-related mortality among women
worldwide, particularly in low- and middle-income countries. Early and accurate detection
is therefore essential for improving patient outcomes. However, traditional cytological
examination methods are often time-consuming and subject to inter-observer variability.
This study proposes a deep learning—based framework for cervical cell image classification
using a multi-model convolutional neural network architecture. The proposed framework
integrates three lightweight convolutional neural network (CNN) architectures—MobileNet
V3, EfficientNet V2, and ShuffleNet VV2—as parallel feature extractors to capture
complementary visual representations. Feature maps generated by the individual models are
fused to form a richer representation before the final classification stage. To evaluate the
effectiveness of the proposed approach, four experimental scenarios were designed using
different optimization algorithms, including Adam, Root Mean Square Propagation
(RMSProp), Stochastic Gradient Descent (SGD), and Adamax, with a fixed learning rate of
0.01. The dataset was divided using an 80:20 training and testing strategy to ensure reliable
performance evaluation. Experimental results demonstrate that the proposed multi-model
architecture significantly improves classification performance. The best results were
achieved using the SGD optimizer, reaching a validation accuracy of 94.44% and an F1-
score of 94.50%. These findings indicate that combining multiple CNN architectures with
appropriate optimization strategies can enhance feature representation and improve the
accuracy of cervical cancer image classification.

1. INTRODUCTION

Breast, cervical, and ovarian cancers are some of the most

shown significant potential in improving the accuracy and
efficiency of cervical cancer detection. In particular, cervical
cell image classification methods using convolutional neural

common malignancies affecting women and are major
contributors to early female mortality globally [1, 2]. Cervical
cancer is a malignancy that develops in the cervix when
cervical cells grow abnormally and proliferate uncontrollably,
exceeding the normal regulatory processes of cell division [3].
WHO data shows that this disease claims the lives of over
270,000 women annually, and approximately 85% of the
fatalities are reported in countries with limited to moderate
income levels. Global estimates suggest that roughly 444,500
new instances of cervical cancer are diagnosed annually [4].
Early detection and accurate diagnosis are essential to reduce
the mortality rate caused by this disease. Unfortunately,
traditional diagnostic methods that still rely on manual
cytological analysis by pathologists are often time-consuming,
subjective, and prone to human error [5].

With the advancement of information technology and
artificial intelligence, deep learning-based approaches have
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network (CNN) models have been employed to identify
various types of abnormal cells, such as dyskeratotic,
koilocytotic, metaplastic, parabasal, and intermediate-
superficial cells [5].

In computer vision research, a single CNN architecture
often fails to capture the full range of complex image features,
particularly in medical or agricultural images with diverse
textures, patterns, and scales. Therefore, multi-model CNN
approaches, or ensemble learning, are widely adopted to
improve model accuracy, stability, and generalization. The
combination of MobileNet V3, EfficientNet V2, and
ShuffleNet V2 was chosen because they are lightweight CNN
architectures with complementary characteristics in feature
extraction, computational efficiency, and generalization
capabilities.

In this study, a multi-model CNN architecture optimized
with several popular optimization algorithms, including Adam,
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Root Mean Square Propagation (RMSProp), Stochastic
Gradient Descent (SGD), and Adamax, is utilized. Each model
is tasked with extracting features from cervical cell images,
which are then concatenated to provide a richer feature
representation before passing through the final classification
layer. This approach aims to enhance classification
performance by leveraging the strengths of each architecture.

2. METHODOLOGY AND METHODS
2.1 System architecture

Convolutional Neural Networks (CNN)

Convolutional Neural Networks (CNN) are widely
recognized as one of the most applied deep learning models,
especially in tasks involving image analysis and pattern
detection. The main advantage of CNNs over previous
algorithms lies in their ability to automatically extract
important features from data without requiring human
intervention [5, 6]. CNNss are inspired by the visual systems of
living organisms, particularly the structure of the visual cortex
in a cat's brain, which is simulated in these networks to
recognize patterns in images [6, 7].

Architecturally, CNNs are composed of several main layers:
convolutional layers, pooling layers, and fully connected (FC)
layers. The process begins with an input image consisting of
height, width, and depth dimensions (for example, 3 channels
for RGB images), which is then processed by the
convolutional layer using a number of kernels or filters to
generate feature maps. These filters are responsible for
detecting local features such as lines, edges, or textures [7, 8].
It is at this stage that the concepts of parameter sharing and
sparse connections are applied to reduce the number of
trainable parameters and accelerate the computation process [6,
8].

After the convolutional process, the results are passed
through an activation function such as ReL U to introduce non-
linearity, followed by a pooling layer. Pooling, such as max
pooling, aims to reduce the dimensionality of the data and
minimize sensitivity to shifts and distortions in the image [7-
9]. This not only reduces the computational burden but also
helps preserve important features from the data [10].

The data that have passed through several stages of
convolution and pooling are then flattened and passed on to
the fully connected layer. Here, the data are processed
similarly to a multilayer perceptron (MLP) and end with an
activation function such as softmax to produce probability
values for each target class [11]. CNNs have proven to be
highly effective in recognizing both low-level features such as
color and shape, and high-level features such as object parts in
a hierarchical manner [11].

In addition, during CNN training, a loss function is used to
calculate prediction errors, and the backpropagation process is
carried out to adjust the network’s weights, thereby improving
model accuracy over time [7]. The addition of batch
normalization can also help stabilize the learning process and
accelerate convergence [7].

With all these advantages, CNNs have been widely applied
in various fields such as facial recognition, object detection,
speech processing, and even in the medical field for disease
image classification—for example, in cervical cancer
detection [1, 6]. In implementation, several popular
architectures widely used in both research and real-world
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applications include Adam, RMSprop, SGD, and Adamax,
each offering advantages in parameter efficiency, network
depth, and high performance on devices with limited resources.
1) Adam

The Adaptive Moment Estimation (Adam) algorithm is an
optimization technique developed to address various
challenges in training machine learning models, such as sparse
gradients and noisy data. This method was introduced by
Kingma and Ba in 2014, combining the advantages of
RMSProp and SGD with momentum [12, 13]. Adam computes
two moments of the gradient—the exponential moving
average of the first and second moments—and corrects the
initialization bias using bias correction techniques [12-14].

Mathematically, Adam defines the first and second moment
estimates as:

(1)
2)

me =pyme_q + (1 —p)ge
U =pyu_g +(1— Pz)gf

where, p; dan p; represent the exponential decay rates
(typically 0.9 and 0.999), and g, is the gradient at time t [13].
To avoid underestimation due to initial zero initialization, bias
corrections are applied [15]:
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where, A is the learning rate (typically 0.001), and € is a small
constant (around10-%) to prevent division by zero [15].

In practice, this algorithm—developed at the University of
Toronto—adjusts adaptive learning rates for each parameter
[16]. The optimization process proceeds iteratively, beginning
with gradient computation, moment estimation, bias
correction, and weight updates based on the estimates [ 14].

Adam's primary advantage lies in its ability to automatically
adjust the step size for each parameter update, making it more
efficient than other algorithms such as SGD and AdaDelta [17].
Moreover, Adam is effective in minimizing errors and
preventing overfitting by maintaining balanced performance
between training and validation data [14]. For large and
complex models, Adam has been shown to improve accuracy
and significantly reduce loss values [18]. Algorithm 1
illustrates the working structure of the Adam method in detail
[12].

2) RMSprop

RMSprop is one of the commonly used optimization
algorithms in neural network training, particularly in non-
convex settings. This algorithm is an improvement of
AdaGrad, with the key difference being the use of an
exponential moving average of gradients rather than full
accumulation, helping to alleviate the vanishing gradient
problem [14, 19]. RMSprop computes the mean square of the
gradients for each parameter to adjust the weight updates, as
described in the corresponding formula [14]. Although
effective, this method was first introduced informally through



Geoff Hinton’s Coursera lectures, rather than a formal
publication [16]. In practice, RMSprop is often compared with
Adam: while RMSprop relies on gradients adjusted with
momentum, Adam implements direct estimation of the first
and second moments. Unlike Adam, RMSprop does not
include a bias correction mechanism, which makes Adam
more effective in handling sparse gradients [20].
3) SGD

In the gradient descent method [20], the total residual is
computed using a summation formula, where the residual is
the difference between the actual label and the predicted label.
This residual indicates the model’s error, which is then
minimized through optimization. The commonly used formula,
the sum of squared residuals, is expressed as:

To reduce this error, derivatives of the function are
calculated. However, in large-scale data scenarios (big data),
this formula becomes inefficient due to high memory
requirements for storing and processing the entire dataset. To
overcome this, a stochastic approach is applied by randomly
selecting values from the available data [20].

m
Sum of squared residuals = Z(y —9)?
n—-1
The parameter update equation in the SGD approach is
written as:

(6)
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Random sampling, as suggested in references [21, 22] helps
conserve memory by avoiding full summations. Gradient
updates are performed iteratively, allowing the model to find
the optimal point more efficiently [23]. While it reduces
computational complexity and memory usage, this method can
result in non-zero gradient noise [20].

4) Adamax

Adamax represents an enhanced variation of the Adam
optimizer, distinguished by its reliance on the infinity norm
(Loo) of gradients to update model parameters. Like Adam, it
utilizes an exponential moving average of the first-order
moment, but replaces the second moment with the highest

absolute gradient value. This mechanism enables dynamic
adjustment of the learning rate per parameter, guided by both
the mean and the maximum gradient values. Such flexibility
improves its ability to sustain stable learning, even when large
variations in gradients occur—something commonly
encountered during deep learning processes. In contrast to
Adam, one of Adamax’s primary benefits is its improved
reliability when working with noisy or sparsely distributed
gradients. This resilience makes it especially suitable for
applications where gradient intensities differ greatly across
parameters. In addition, Adamax minimizes memory usage by
omitting the storage of squared gradient values, which lowers
the computational burden [24]. Within CNN structures,
Adamax also supports faster model convergence by
modulating learning rates based on gradient strength—a
method that proves advantageous for complex datasets
containing features of unequal importance [25, 26].

3. RESULT
3.1 Experimental scenarios

The proposed method employs a multi-model CNN
architecture that integrates MobileNet V3, EfficientNet V2,
and ShuffleNet V2 as parallel feature extractors which is
shown in Figure 1 and Figure 2. This multi-model
configuration is designed to leverage the complementary
characteristics of lightweight CNN architectures, enabling
more robust feature representation while maintaining
computational efficiency. The total number of parameters of
the proposed multi-model CNN architecture is 26,472,039,
which remains feasible for practical implementation.

The dataset is partitioned using an 80:20 data splitting
strategy, consisting of training, testing, and validation subsets.
Specifically, 2,591 images are allocated for training, 810
images for testing, and 648 images for validation. This data
partitioning strategy ensures effective model training while
allowing for reliable and unbiased performance evaluation on
unseen data.
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Figure 1. System flow
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Figure 2. CNN architecture for cervical cancer classification
Note: CNN = convolutional neural network.

Table 1. Classification scenario testing with optimizer

Table 2. Test results-Adam optimizer

variations
Training Validation
Scenario Learning Rate (LR) Optimizer Loss 0.226% 0.529%
Sc1l 0.01 Adam Accuracy 92.24% 87.35%
Sc2 0.01 RmsProp Precision 92.28% 87.48%
Sc3 0.01 SGD Recall 92.24% 87.26%
Sc4 0.01 Adamax F1 Score 92.26% 87.11%

Note: RMSProp = Root Mean Square Propagation; SGD = Stochastic
Gradient Descent.

To obtain the best performance from the cancer
classification model, several test scenarios were conducted
using different optimizer algorithms with a fixed learning rate
of 0.01. The four tested scenarios are shown in Table 1.

3.2 Model training results

The four scenarios were tested using a preprocessed cancer
dataset. The objective of these tests was to assess the impact
of optimizer selection on model accuracy and overall
performance. The results of each scenario were compared
based on evaluation metrics such as accuracy, precision, recall,
and F1-score, as explained below.

3.2.1 Scenario 1: Optimizer adam

In Scenario 1, the cancer classification model was trained
and evaluated using several metrics such as loss, accuracy,
precision, recall, and F1-score on both training and validation
data can be seen in the Table 2. The generated graphs and
metrics showed a performance improvement trend as training
epochs progressed. At the beginning of training (Figure 3), the
training loss was relatively high at 1.238, while the validation
loss peaked at 2104.658, indicating that the model had not yet
learned effectively. Over time, these losses decreased, with the
minimum training loss reaching 0.226 and the validation loss
dropping to 0.529, suggesting increased model stability and
better generalization.

As shown in Figure 4, the training accuracy improved
steadily, reaching a peak of 92.24%, while validation accuracy
achieved 87.35%, indicating that the model could recognize
patterns in new data. The highest training precision was
92.28%, reflecting accurate identification of positive cases.
The recall peaked at 92.24%, showing the model's capability
to detect most positive instances. The Fl-score reached
92.26%, indicating a good balance between precision and
recall.
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Figure 3. Adam concatenate loss graph results
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Figure 4. Accuracy concatenate adam graph results

Despite fluctuations during several epochs, these maximum
values indicate that the model generalized well, as seen in
Figure 4. The confusion matrix visualization also supported
these results, showing that most classifications were accurate.
For validation data in Figure 5, the maximum precision
recorded was 89.48%, with a recall of 87.26% and an F1-score
of 87.11%.



In summary, Scenario 1 demonstrated strong cancer
classification results, especially after several training epochs,
achieving high performance with metrics close to ideal.
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Figure 5. Adam's confusion matrix results

3.2.2 Scenario 2: Optimizer RMSProp

In Scenario 2, the cancer classification model was re-
evaluated using various performance metrics, including loss,
accuracy, precision, recall, and F1-score, on both the training
and validation datasets. At the beginning of training, the model
exhibited signs of instability, as reflected by relatively high
loss values. However, as the number of epochs increased, the
model demonstrated significant improvement. By the end of
the training phase, the training loss had been successfully
reduced to 0.212, while the validation loss decreased to 0.261,
as shown in Figure 6. This reduction indicates that the model
gradually improved its understanding of data patterns and
enhanced its predictive capability.
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Figure 6. RMSProp concatenate loss graph results
Note: RMSProp = Root Mean Square Propagation.

The model's accuracy, as illustrated in Figure 7, was also
quite impressive. The training accuracy reached 93.17%, and
the validation accuracy climbed to 90.90%. These results
suggest that the model was not only capable of recognizing
patterns in the training data but also able to generalize well to
previously unseen data. In terms of other metrics, the model
achieved a training precision of 93.16%, a recall of 93.19%,
and an Fl-score of 93.17%, reflecting a very well-balanced
performance between precision and sensitivity in detecting
positive cases.
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Table 3. Results of the RMSProp optimizer test scenario

Training Validation
Loss 0.212% 0.261%
Accuracy 93.17% 90.90%
Precision 93.16% 91.18%
Recall 93.19% 90.91%
F1 Score 93.17% 90.63%

Note: RMSProp = Root Mean Square Propagation.
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Figure 7. RMSProp concatenate accuracy graph results
Note: RMSProp = Root Mean Square Propagation.
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Figure 8. RMSProp confusion matrix results
Note: RMSProp = Root Mean Square Propagation.

The performance on the validation set was similarly strong,
with a precision of 91.18%, recall of 90.91%, and F1-score of
90.63%. These values demonstrate that, despite being trained
on a limited dataset, the model was still able to generalize
effectively and identify new patterns with commendable
accuracy. This is further supported by the confusion matrix in
Figure 8, which shows that the majority of predictions were
correctly classified.

Overall, Scenario 2 produced excellent results. With
consistently high metrics across both training and validation
datasets, the model proved to be accurate and reliable in
classifying cancer data, as shown in Table 3.

3.2.3 Scenario 3: Optimizer SGD

In Scenario 3, the cancer classification model was further
evaluated using key performance metrics such as loss,
accuracy, precision, recall, and F1-score on both the training
and validation datasets. From the beginning of the training
phase, the model demonstrated a consistent upward trend in
performance. As shown in Figure 9, the training loss, which
was initially high, was successfully reduced to 0.113 by the



end of training. Meanwhile, the validation loss also dropped
significantly to 0.202, indicating that the model became
increasingly effective at recognizing data patterns.

The model's accuracy, illustrated in Figure 10, was
particularly impressive. Training accuracy reached 96.06%,
while validation accuracy achieved 94.44%. These results
confirm that the model not only learned effectively from the
training data but also applied its knowledge successfully to
new, unseen data.

Table 4. Results of SGD optimizer test scenarios

Training Validation
Loss 0.113% 0.202%
Accuracy 96.06% 94.44%
Precision 96.07% 94.74%
Recall 96.06% 94.48%
F1 Score 96.07% 94.50%

Note: SGD = Stochastic Gradient Descent.
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Figure 9. SGD concatenate loss graph results
Note: SGD = Stochastic Gradient Descent.

Regarding other metrics, the training precision was 96.07%,
recall was 96.06%, and F1-score was 96.07%—demonstrating
an excellent balance between the model's precision and
sensitivity in identifying cancer cases. Similar outcomes were
observed in the validation set, with precision at 94.74%, recall
at 94.48%, and F1-score at 94.50%. These values indicate that
even with a limited dataset, the model maintained high
generalization capability and delivered reliable predictions.
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Figure 10. SGD concatenate accuracy graph results

The trend of performance metrics throughout training and
validation further supports the model's effectiveness. As
shown in Figure 11, the steady decline in loss and consistent
rise in accuracy across epochs reflect an efficient and stable
learning process. By the final epoch, the validation accuracy
surpassed 94%, underscoring the model’s stability and
dependability.

Overall, Scenario 3 demonstrates a highly solid and
promising model performance. With very high and consistent
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metrics across both training and validation datasets, the model
achieved excellent accuracy and precision in cancer
classification, while keeping overfitting to a minimum. This
makes it one of the best-performing models tested in this study
so far, as shown in Table 4.
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Figure 11. SGD confusion matrix results

3.2.4 Scenario 4: Optimizer adamax

In Scenario 4, the cancer classification model was evaluated
using various performance metrics, including loss, accuracy,
precision, recall, and F1-score on both training and validation
datasets. Throughout the training process, the model exhibited
excellent progress. As shown in Figure 12, the training loss
was initially relatively high at approximately 0.773, but it
decreased significantly as the number of epochs increased,
reaching 0.043 by the end of training. This substantial
reduction in loss indicates that the model became increasingly
effective at learning and recognizing data patterns.

In terms of accuracy (Figure 13), the model’s performance
was remarkable. The training accuracy steadily increased,
eventually reaching 98.53%, while the validation accuracy
also remained high at 96.30%. This suggests that the model
was not only capable of learning from the training data but also
generalized well to new, unseen data.
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Figure 12. Adamax concatenate loss graph results

The precision, recall, and Fl-score metrics also
demonstrated consistently high values. On the training dataset,
all three metrics reached 98.54%, indicating a well-balanced
ability to accurately predict and detect positive cases. For the
validation data, precision, recall, and F1-score values ranged
from 96.30% to 96.33%, confirming the model’s reliability
and effectiveness in broader application scenarios as shown in



Figure 14.
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Figure 14. Adamax confusion matrix results

Table 5. Results of the adamax optimizer test scenario

Training Validation
Loss 0.043% 0.092%
Accuracy 98.53% 96.30%
Precision 98.54% 96.30%
Recall 98.54% 96.33%
F1_Score 98.54% 96.30%

Overall, Scenario 4 showed a very strong and stable model
performance, with consistently high metrics across both
training and validation phases. These results indicate that the
developed cancer classification model is capable of producing
accurate and reliable predictions, making it a valuable tool for
supporting data-driven medical diagnosis, as shown in Table
5.

4. CONCLUSIONS

Cervical cancer is one of the leading causes of premature
death among women worldwide, particularly in low- to
middle-income countries. Early detection and accurate
diagnosis are key factors in reducing the mortality rate
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associated with this disease. However, traditional diagnostic
methods such as manual cytology analysis still face numerous
limitations, including subjectivity and susceptibility to human
error. Therefore, the use of artificial intelligence technology—
particularly deep learning—has emerged as a promising
solution.

In this study, a multi-model approach was implemented by
combining four popular CNN architectures—Adam,
RMSProp, SGD, and Adamax—to enhance the performance
of cervical cell image classification. This approach enables the
extraction of richer and more in-depth feature representations,
which are then classified to detect various types of abnormal
cells. Four experimental scenarios were conducted to evaluate
the model's performance using different optimizer algorithms
(Adam, RMSProp, SGD, and Adamax), all with a fixed
learning rate of 0.01. The experimental results revealed that
the model using the SGD optimizer (Scenario 3) achieved the
best performance, with the highest validation accuracy of
94.44%, as well as exceptionally high and balanced precision,
recall, and F1-score values (each exceeding 94%).

The experimental results demonstrate that the combination
of a multi-model CNN architecture (MobileNet V3,
EfficientNet V2, and ShuffleNet v2) and appropriate
optimization techniques significantly enhances both accuracy
and reliability in cervical cancer classification. This deep
learning approach can assist clinicians by providing efficient,
consistent, and objective diagnostic support, thereby showing
considerable potential for early detection and improved
women’s healthcare outcomes.
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