Available online at website: https://jurnal.iaii.or.id/index.php/RESTI

JURNAL RESTI

(Rekayasa Sistem dan Teknologi Informasi)
Vol. 9 No. 4 (2025) 944 - 954 e-ISSN: 2580-0760

Enhancing Lung Cancer Detection: Optimizing CNN Architectures
through Hyperparameter Tuning

Sundari Retno Andani'*, Poningsih?, Abdul Karim?
L2Informatics Study Program, Master's Program, STIKOM Tunas Bangsa, Pematangsiantar, Indonesia
3Information Technology Program, Faculty of Science and Technology, Universitas Labuhanbatu, Labuhanbatu, Indonesia

Isundari.ra@amiktunasbangsa.ac.id, ?poningsih@amiktunashangsa.ac.id, 3Abdkarimé@gmail.com

Abstract

This study aimed to compare the performance of various Convolutional Neural Network (CNN) architectures, including LeNet,
ResNet, AlexNet, GoogleNet, VGGNet, and the proposed model, in medical image classification for disease detection. The
proposed model was developed by adding additional layers and fine-tuning the hyperparameters in the ResNet architecture to
enhance its ability to extract complex features. The training and testing processes were conducted using an augmented X-ray
image dataset to increase the data diversity. The results indicate that the proposed model achieved the highest testing accuracy
of 76.33%, surpassing other models in terms of accuracy, precision, recall, and F1-score. Although there are some limitations
in specificity and the Matthews Correlation Coefficient (MCC), the proposed model still demonstrates better generalization
ability, with an AUC-ROC score approaching an optimal value. These findings suggest that the proposed model has advantages
in medical image classification and holds potential for further development to enhance disease classification accuracy.

Keywords: CNN architecture; convolutional neural network (CNN); disease detection; hyperparameter tuning; medical image
classification; X-ray

How to Cite: Sundari Retno Andani, Poningsih, and Abdul Karim, “Enhancing Lung Cancer Detection: Optimizing CNN Architectures through

Hyperparameter Tuning”, J. RESTI (Rekayasa Sist. Teknol. Inf.) , vol. 9, no. 4, pp. 944 - 954, Aug. 2025.

Permalink/DOI: https://doi.org/10.29207/resti.v9i4.6357

Received: February 4, 2025
Accepted: April 12, 2025
Available Online: August 25, 2025

This is an open-access article under the CC BY 4.0 License
Published by lkatan Ahli Informatika Indonesia

1. Introduction

Lung cancer remains one of the leading causes of
cancer-related mortality worldwide. Early diagnosis
plays a crucial role in increasing recovery rates and
prolonging patient survival [1]-[4]. However, one of
the main challenges in early detection is the limitation
of existing methods in providing accurate and rapid
diagnosis. Medical imaging technologies such as CT
scans and X-rays are commonly used for lung cancer
detection, but manual interpretation by radiologists is
time-consuming and prone to human errors [5]-[7].

Artificial intelligence  (Al)-based classification,
particularly using Convolutional Neural Networks
(CNN), has emerged as a powerful tool for lung cancer
detection. CNNs analyze medical images such as X-
rays or CT scans to identify tumors or lung lesions [8],
[9]. This deep learning method works by recognizing
complex visual patterns and features within images that
are often difficult to detect with the human eye. By
processing images through multiple layers, CNN can
differentiate  between healthy tissues and those

exhibiting cancerous characteristics [10], [11]. The
classification output indicates whether a given image

suggests the presence of lung cancer, assisting
physicians in making faster and more accurate
diagnoses while minimizing potential errors.

Additionally, optimizing CNN architectures through
hyperparameter tuning plays a crucial role in enhancing
detection accuracy, making CNN-based approaches a
reliable diagnostic tool for lung cancer screening [12]-
[14].

Several CNN architectures have been designed
specifically for image classification, each with unique
strengths in feature extraction and classification
performance [15]. LeNet-5, as one of the earliest CNN
models, focuses on recognizing simple patterns, while
AlexNet introduces deeper networks with RelLU
activation and dropout layers to prevent overfitting [5],
[16] - [18]. VGGNet (VGG16, VGG19) adopts
consistent 3x3 convolutional filters to capture fine-
grained image details [19] - [21]. GooglLeNet
(Inception Network) employs Inception Modules,
which allow parallel convolutions at multiple scales,
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whereas ResNet (Residual Networks) introduces
shortcut connections to mitigate the vanishing gradient
problem in deep networks [22]-[24]. DenseNet
enhances inter-layer connectivity, ensuring better
information flow [25], while EfficientNet optimizes
parameter efficiency to achieve a balance between
computational complexity and classification accuracy
[26]. As image classification tasks become increasingly
complex, these architectures continue to evolve to meet
the demands of advanced Al-driven medical
applications. Each model offers distinct advantages, but
fine-tuning hyperparameters is essential to maximize
performance in lung cancer detection [11], [27], [28]-
[30].

Several studies have explored CNN-based image
classification for medical applications, demonstrating
promising results. A study by (Al airaji et al., 2024)[31]
proposed an image classification network utilizing
AlexNet for hazy image recognition, achieving a
verification accuracy of 93.4% after 50 training epochs.
Although the method proved effective, computational
complexity remained a concern, especially for large-
scale image processing tasks. Similarly, research
conducted by (Ben Nasr Barber & Elloumi Oueslati,
2024)[32] developed a CNN model that attained a
classification  accuracy of  91.6%, slightly
outperforming GoogleNet (91.5%) and ResNet-50
(92%) in classifying exonic and intronic regions.
Notably, the proposed CNN model demonstrated faster
execution time compared to ResNet-50, completing the
classification task in approximately 2 hours and 37
minutes. However, the study emphasized the need to
expand the dataset in future research, as the current
dataset size may not be sufficient for achieving optimal
results. Furthermore, another study by (Saradhi,
2023)[33] focused on Alzheimer’s disease detection
using a CNN model trained on the ADNI dataset. The
model achieved an accuracy of 97.43%, outperforming
other architectures such as VGGNet, AlexNet, and
MobileNet in sensitivity and specificity, with
specificity reaching 98.09%. Despite these impressive
results, the study highlighted that model performance is
highly dependent on data quality and quantity, which
poses a significant challenge in acquiring high-quality
medical datasets for training.

In recent years, advancements in artificial intelligence
(Al) and machine learning, particularly CNNs [2], [34],
have demonstrated substantial potential in automating
cancer detection through medical image analysis. CNNs
are particularly effective in identifying complex
patterns in radiological images, making them a valuable
tool for lung cancer classification [35]-[37]. However,
one of the biggest challenges in implementing CNN for
medical diagnosis is optimizing its architecture to
achieve high accuracy. Without proper hyperparameter
configuration, CNN models may fail to reach their full
potential.

Based on the literature review, hyperparameter
optimization, including kernel size, the number of

layers, learning rate, and batch size, plays a crucial role
in enhancing CNN performance [38], [39]. Adjusting
these hyperparameters can significantly impact model
accuracy, precision, and convergence speed. Therefore,
this study aims to optimize CNN architecture to
improve classification accuracy in lung cancer
detection, with a primary focus on hyperparameter
tuning. Through effective optimization, the proposed
model is expected to provide faster, more accurate, and
reliable diagnostic results, ultimately supporting better
clinical decision-making. This research is not only
significant from a technological perspective but also has
broader implications for public health. By improving
early detection methods, Al-based approaches such as
CNN can contribute to more effective lung cancer
diagnosis and treatment, potentially reducing mortality
rates associated with the disease.

2. Methods

This experimental study focuses on enhancing the
accuracy of lung cancer classification by optimizing
Convolutional Neural Network (CNN) architectures
and fine-tuning hyperparameters. Adopting a
quantitative approach, the research evaluates model
performance through specific metrics. The entire
process is carried out using medical imaging data such
as CT scans or X-rays commonly used in lung cancer
diagnosis.

2.1 Dataset

The dataset used in this study consists of a collection of
medical images containing lung scans, including both
normal lungs and those exhibiting signs of cancer. The
dataset is sourced from publicly available databases
such as The Lung Image Database Consortium (LIDC)
or similar datasets that provide labeled CT scan or X-
ray images. Each image in the dataset has been
classified as either cancerous or non-cancerous, serving
as the ground truth labels for training the model. Figure
1 illustrates an example of a lung CT scan dataset,
categorized into three different classes: Benign cases,
Malignant cases, and Normal cases. This dataset
classification helps distinguish between different lung
conditions as follows: (1). Benign cases (first row): CT
scan images display the presence of masses or nodules
in the lungs that are non-cancerous and not harmful. (2).
Malignant cases (second row): CT scan images show
tumors or nodules that are malignant, indicating lung
cancer. (3). Normal cases (third row): CT scan images
exhibit healthy lungs without any abnormalities or signs
of cancer.

This dataset is used for training Convolutional Neural
Networks (CNN) in lung cancer classification research.
The model will be trained to identify and differentiate
between these three categories—normal, benign, and
malignant—based on CT scan images. By leveraging
this dataset, CNN can learn to recognize distinct
patterns and features associated with each condition,
ultimately aiding in automated lung cancer diagnosis.
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Figure 1. Lung Cancer Dataset
2.2 Proposed Model

This study introduces a modified ResNet-based model,
enhanced with additional layers and optimized
hyperparameters to improve the performance of lung
cancer classification. ResNet was selected as the
foundation due to its effective use of residual
connections, which help address the vanishing gradient
problem and enable the training of deeper networks
without sacrificing accuracy.

As presented in Table 1, several new layers have been
incorporated into the original ResNet architecture.
These enhancements are intended to strengthen feature
extraction and boost classification accuracy, enabling
the model to reliably distinguish between normal,
benign, and malignant lung conditions. The specific
additions to the architecture are detailed below:

Table 1. Proposed Model

Layer (type) Output Shape Param #
conv2d_4 (Conv2D) (None, 28, 28, 6) 156
average_pooling2d_4 (None, 14, 14, 6) 0
(AveragePooling2D)

conv2d_5 (Conv2D) (None, 10, 10, 16) 2,416
average_pooling2d_5  (None, 5, 5, 16) 0
(AveragePooling2D)

flatten_3 (Flatten) (None, 400) 0
dense_8 (Dense) (None, 120) 48,12
dense_9 (Dense) (None, 84) 10,164
dense_10 (Dense) (None, 3) 255

The modifications made to the ResNet architecture, as
presented in Table 1, involve the addition of several
layers to deepen the network structure, allowing the
model to extract more complex features from lung CT
scan images. These additional layers enhance the
model's ability to differentiate between normal, benign,
and malignant cases, ultimately improving
classification performance. The modifications include
the incorporation of multiple convolutional and pooling

layers, which enrich feature representations while
ensuring a more robust learning process. To prevent
overfitting—particularly given the limited dataset
size—dropout layers have also been introduced.

The proposed model integrates several additional layers
that contribute to enhancing classification accuracy.
The first Conv2D layer, containing 156 parameters,
extracts essential features from input images, followed
by average pooling to reduce feature dimensions. A
second Conv2D layer, with 2,416 parameters, further
deepens the network, capturing more intricate patterns
within the lung scans. This is again followed by average
pooling to improve generalization. Subsequently, a
flatten layer converts the extracted features into a one-
dimensional vector, which is then passed to the fully
connected layers. The dense layers, consisting of 120,
84, and 3 neurons, are responsible for the final
classification, distinguishing images into normal,
benign, and malignant categories.

These architectural improvements are accompanied by
hyperparameter tuning to optimize model performance.
Adjustments are made to key parameters, including
learning rate, batch size, and optimizer selection, to
improve convergence speed and accuracy. The learning
rate is fine-tuned using grid search or random search to
ensure a balance between training speed and model
stability. The batch size is carefully selected to optimize
computational efficiency while maintaining memory
balance. Additionally, the Adam optimizer is chosen for
its ability to enhance model training efficiency,
ensuring effective learning and improved classification
outcomes.

2.3 Research Framework

The research framework in this study is essential as it
provides a systematic guide for each stage of the
research process, from data processing to result
evaluation. This structured approach ensures an
organized workflow, particularly in comparing the
performance of different CNN architectures, including
LeNet, ResNet, AlexNet, GoogleNet, VGGNet, and the
proposed model. By establishing a clear framework,
researchers can conduct comparisons in a transparent
and accurate manner, facilitating a deeper
understanding of each phase of the study. Additionally,
the framework minimizes errors and ensures a
comprehensive evaluation by utilizing multiple
performance metrics, enhancing the validity and
reliability of the research findings. This structured
methodology helps ensure that the conclusions drawn
are robust and well-supported. The research framework
is illustrated in Figure 2, which outlines the complete
process from dataset acquisition, model training,
evaluation, and performance comparison across
different architectures.
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The research framework, depicted in Figure 2, presents  precision = TPTPFP )
a structured workflow for classifying lung cancer using *
CT scan images categorized as benign, malignant, or  Recall = % ?3)
normal. The process begins with data preprocessing, »
. . R . R 2XPrecisionxRecall
where techniques such as flipping, rotation, shearing, F1 —Score =—————+"—— (4)

and rescaling are applied to increase data diversity and
enhance the model's ability to generalize. Following
this, the dataset is divided into training (80%),
validation (10%), and testing (10%) sets to ensure
balanced learning, validation, and performance
evaluation. The preprocessed data is then used to train
multiple CNN architectures, including LeNet, ResNet,
AlexNet, GoogleNet, VGGNet, and the proposed
modified model. A comparative analysis follows,
assessing the performance of these models to determine
the impact of architectural modifications and
hyperparameter tuning. Finally, model performance is
evaluated using accuracy, precision, recall, F1-score,
and loss values, with the results visualized for easier
interpretation as shown in Equations 1-4.

TP+TN (1)

Accuracy = ——————
y TP+TN+FP+FN

Precision+Recall

This structured approach ensures systematic execution,
reducing errors and enhancing the validity of the study.

3. Results and Discussions

The initial step in this research is data preprocessing,
which involves processing X-ray images of lung tissue.
At this stage, the images are resized to a uniform
resolution of (224, 224, 3) to ensure consistency across
the dataset. Additionally, normalization is applied to
adjust pixel values within a suitable range for CNN
processing, enhancing the model’s ability to learn from
the data effectively. The results of the augmentation
process can be seen in Figure 3.

Augmented Imgl Augmented Img2 Augmented Img3 Augmented Img4 Augmented Img5

Figure 3. Augmentation of Lung CT Scan Dataset

Figure 3 illustrates the results of the data augmentation
process applied to lung CT scan images, which
significantly enhances the dataset by introducing
greater variability. Augmentation techniques such as
flipping, rotating, and rescaling improve the model’s
generalization ability, enabling it to better recognize
patterns across different cases. In this study, the

classification experiments categorize CT scan images
into three classes: benign, malignant, and normal.
Following augmentation, the dataset is split into
training (80%), validation (10%), and testing (10%)
subsets to ensure a balanced and effective model
training process.
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3.1 Model Training and Classification yielding varying performance results. Each model
underwent training using the preprocessed and
augmented dataset, with differences in accuracy and
convergence rates observed during the learning process.

Several CNN architectures, including LeNet, ResNet,
AlexNet, GoogleNet, VGGNet, and the proposed
model, were tested for lung image classification,
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Figure 4. Training Accuracy Curve
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Figure 4 presents the training accuracy curve,
illustrating the model’s performance progression over

multiple epochs.

Training and Validation Loss Graph
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Figure 5. Training Loss Curve

LeNet (Figure 4.a) shows a gradual increase in accuracy
for both training and validation, although it experiences

some fluctuations early in the training process. ResNet
(Figure 4.b), on the other hand, exhibits sharp
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fluctuations, particularly in validation accuracy,
indicating challenges in achieving stability during
training. AlexNet (Figure 4.c) presents a more stable
curve, suggesting that it generalizes well to the dataset.
Meanwhile, GoogleNet (Figure 4.d) also maintains a
stable trend but experiences occasional sudden drops in
validation accuracy, which may indicate potential
overfitting. VGGNet (Figure 4.e) shows a noticeable
discrepancy between training and validation accuracy,
with a decline in validation accuracy toward the end of
training, further reinforcing the possibility of
overfitting.

Among all the models evaluated, the proposed model
(Figure 4.f) exhibits the most stable accuracy curve,
showing a steady increase in both training and
validation accuracy an indication of strong
generalization performance. The small gap between
training and validation accuracy suggests that the model
effectively learns from the data without overfitting.
Overall, these findings show that the proposed model
outperforms standard architectures in terms of
classification stability and robustness. Additional
insights into the optimization process can be found in
Figure 5, which illustrates the training and validation
loss curves, offering further evaluation of convergence
behavior and learning efficiency.

Figure 5 illustrates the training and validation loss
curves for various CNN architectures, including LeNet,
ResNet, AlexNet, GoogleNet, VGGNet, and the
proposed model, highlighting their performance in
minimizing loss during training. LeNet (Figure 5.a)
shows a gradual decrease in both training and validation
loss, despite some initial fluctuations, indicating
improved stability toward the end of training. ResNet
(Figure 5.b) experiences a sharp drop in loss at the
beginning but still exhibits fluctuations in validation
loss, suggesting difficulties in achieving stability on this
dataset. AlexNet (Figure 5.c) initially maintains a stable
loss curve, but a significant spike in validation loss
occurs midway through training, indicating potential
overfitting or challenges in generalizing the data.
GoogleNet (Figure 5.d) displays a relatively stable
curve, although minor spikes in validation loss suggest
slight instability. Meanwhile, VGGNet (Figure 5.e)
demonstrates a notable reduction in training loss;
however, its validation loss remains higher and more
volatile, reinforcing the likelihood of overfitting.

Among all models, the proposed model (Figure 5.f)
exhibits the most stable loss curve, with a consistent
decrease in both training and validation loss, reflecting
its superior ability to maintain a balance between
learning and generalization. The minimal gap between
training and validation loss suggests that the proposed
model effectively avoids overfitting, making it the most
robust option for lung CT scan classification. Overall,
these findings confirm that the proposed model
achieves better loss reduction compared to other
architectures, ensuring greater stability and reliability in
classification performance.

3.2 Discussions

The training and testing results are evaluated using the
confusion matrix, which provides insights into the
classification performance of each model for the three
categories: benign, malignant, and normal. The
confusion matrix illustrates how well each CNN
architecture distinguishes between these classes,
highlighting both correctly classified and misclassified
instances. Figure 6 presents the confusion matrix for
each tested model, allowing for a comparative analysis
of their classification accuracy and potential
misclassification patterns.

Figure 6 presents the confusion matrix results for each
tested CNN model, illustrating their classification
performance across the three categories: benign,
malignant, and normal. The analysis highlights
variations in prediction accuracy among the models.
LeNet (Figure 6.a) shows some misclassification errors,
particularly in distinguishing benign and normal cases,
although it performs well in identifying malignant
cases. ResNet (Figure 6.b) demonstrates a more
balanced classification between benign and normal
cases, but still struggles with certain misclassifications
in the malignant category. AlexNet (Figure 6.c)
exhibits stable classification performance, with fewer
misclassification errors in benign and normal cases,
indicating higher accuracy in distinguishing different
categories. In contrast, GoogleNet (Figure 6.d)
encounters difficulties in differentiating between
benign and malignant cases, suggesting that it faces
challenges in generalizing across certain data
variations. Similarly, VGGNet (Figure 6.e) shows
significant misclassification, particularly in the benign
and malignant categories, indicating potential
overfitting or an inability to handle diverse data
variations effectively.

Among all the tested models, the proposed model
(Figure 6.f) achieves the highest accuracy, with more
precise predictions across all three categories. Its lower
misclassification rate demonstrates strong
generalization capabilities, making it the most reliable
model in this study. Overall, these findings indicate that
the proposed model outperforms other CNN
architectures, offering superior classification accuracy
and prediction stability for lung CT scan image
classification. A more detailed comparison of model
performance is provided in Table 2.

Table 2 presents the performance evaluation of different
CNN models, comparing their training and testing
results based on key classification metrics. The
proposed model achieves the highest testing accuracy
(0.7633), outperforming other models in classification
effectiveness. LeNet also demonstrates relatively strong
performance with a testing accuracy of 0.7391, despite
lower precision and F1-score. VGGNet performs
similarly well in testing accuracy (0.7295) but struggles
with training accuracy and generalization.
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Figure 6: Confusion Matrix

Among the models, ResNet exhibits a balance between  difficulties in learning effective feature representations.
precision and recall, though its testing accuracy The proposed model demonstrates more stable
(0.6184) suggests some challenges in generalization. performance, with better Fl-score and recall,
AlexNet and GoogleNet show lower testing accuracy confirming its superior ability to distinguish between
(0.5362 and 0.4203, respectively), indicating
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normal, benign, and malignant cases in lung CT scan
classification.

Figure 7 is an example of the classification results from
the proposed CNN model for detecting lung cancer. The
following is a detailed explanation of the classification
outcomes observed: Figure 7 presents the classification
results of the proposed CNN model on the lung CT scan
dataset, displaying nine images arranged in a 3x3
matrix. Each image is labeled with the true class (True)
and the model's predicted class (Pred), categorized as
Malignant (cancerous) or Normal (non-cancerous). The
classification results indicate that the model correctly

identifies several cases, such as Malignant cases
accurately predicted as Malignant and Normal cases
correctly classified as Normal. However, some
misclassifications are also observed, such as Normal
cases being incorrectly predicted as Malignant. The
pixelated appearance of the images reflects
preprocessing techniques used to enhance the detection
of key visual patterns by the model. While the proposed
model successfully recognizes most patterns, the
presence of misclassifications suggests the need for
further refinements, such as parameter tuning or
structural modifications to the architecture, to enhance
accuracy and reliability in lung cancer classification.

Table 2. Train and Test results for all models

Training Results

Testing Results

Model Training Accuracy  Precision  Recall  F1-Score  Specificity MCC AUC-ROC  Testing Accuracy
LeNet 0,4203 0,3718 0,4203 0,3939 0,0000 0,067 0,4741 0,7391
ResNet 0,4493 0,4866 0,4493 0,4486 0,2222 0,0764  0,5456 0,6184
AlexNet 0,5362 0,2875 0,5362 10,3744 0,0000 0,0000 0,4973 0,5362
GoogleNet 0,4010 0,3946 0,4010 0,3707 0,0000 0,0449  0,4908 0,4203
VGGNet 0,3623 0,3741 0,3623 0,3583 0,3529 0,0653  0,4822 0,7295
Model Usulan  0,4879 0,4284 0,4879  0,4520 0,0000 0,0081  0,4705 0,7633

True: Malignant cases
Pred: Malignant cases

True: Normal cases
Pred: Normal cases

E<]

True: Malignant cases
Pred: Malignant cases

True: Malignant cases
Pred: Malignant cases

True: Normal cases
Pred: Normal cases

True: Malignant cases
Pred: Malignant cases

True: Malignant cases
Pred: Malignant cases

True: Normal cases
Pred: Normal cases

True: Normal cases
Pred: Normal cases

d

Figure 7: Classification Results of the Proposed Model
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4. Conclusions

This study demonstrates that the proposed CNN model
outperforms other architectures such as LeNet, ResNet,
AlexNet, GoogleNet, and VGGNet in classifying lung
CT scan images. The model achieves the highest testing
accuracy of 0.7633, indicating superior performance in
distinguishing between normal, benign, and malignant
cases. Additionally, it maintains a balanced precision,
recall, and F1-score, ensuring reliable classification
with minimal misclassification errors. Despite its strong
performance, improvements in specificity and the
Matthews Correlation Coefficient (MCC) could further
enhance its robustness. The model’s high area under the
curve (AUC-ROC) score suggests its effectiveness in
identifying cancerous and non-cancerous lung
conditions, making it a promising tool for medical
image classification. The findings of this research
highlight the potential applications of deep learning in
automated lung cancer detection, providing a
foundation for further advancements in medical
diagnostics. Future work may explore enhanced
hyperparameter tuning, larger datasets, or hybrid
models to refine classification accuracy and ensure
broader clinical applicability.
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