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Abstract

Lung cancer stands as a major driver of mortality among cancer patients on a global scale, poses a
substantial public health challenge due to its late diagnosis and the ambiguity of its early symptoms. This
study proposes a novel, lightweight, and optimized Convolutional Neural Network architecture for detecting
lung cancer types from Computed Tomography (CT) images. Initially, CT images of various lung cancer
patients were combined for binary classification against normal patients. Experiments using different
architectures and systematic hyperparameter optimizations resulted in the best model achieving a 93%
accuracy rate. In the next phase, multi-class classification tasks were performed on the original dataset, and
the performance of optimization algorithms such as Adamax, Adam, RMSprop, SGD, Adadelta, Nadam,
and Adagrad were compared to determine the best optimizer. In these experiments, Adam algorithm
achieved an 87% accuracy. The same study was repeated on an augmented dataset using data augmentation
methods, reaching an accuracy of up to 96% with the RMSprop optimization algorithm. Furthermore, fine-
tuned models were used and their test accuracies were evaluated using transfer learning methods (VGG16,
ResNet50, InceptionV3, DenseNet121) on the available dataset. The primary contribution of this study is
demonstrating that the proposed lightweight, optimized model achieves higher performance and efficiency
on task-specific datasets, outperforming both established transfer learning methods and existing literature
in accuracy. The proposed model will help healthcare professionals make quick and reliable decisions in

lung cancer diagnoses.

Keywords: Convolutional Neural Networks, Lung Cancer, Transfer Learning, Hyperparameter

Optimizations, Computed Tomography

1. Introduction

Lung cancer ranks among the leading causes of mortality,
particularly in developed countries [1]. The disease often
manifests with symptoms such as a persistent cough,
shortness of breath, or wunexplained fatigue [2].
According to 2020 statistics from the International
Agency for Research on Cancer (GLOBOCAN),
approximately 1.8 million deaths worldwide were
attributed to lung cancer [3]. Despite significant
advancements in medical science, lung cancer remains
the most significant cause of cancer-related deaths
globally [4]. To address this crucial public health issue,
early diagnosis strategies are of paramount importance to
reduce preventable deaths through timely intervention
[5]. Detecting cancer in its early stages is vital for saving
lives. Traditionally, cancer diagnosis relies on visual
inspection and manual techniques. However, the manual
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analysis of medical images is both time-intensive and
prone to errors [6]. In this context, automated diagnostic
approaches have the potential to increase the efficiency
of healthcare systems by reducing the workload on
specialists and expediting diagnostic processes [7]. Deep
learning has emerged as a promising tool in this field,
with many researchers utilizing deep learning techniques
for lung cancer diagnosis. Among these approaches,
Convolutional Neural Networks (CNNs) have become
one of the most widely used methods [8]. Similar to feed
forward neural networks, CNNs consist of fundamental
layers such as convolutional layers, pooling layers, and
fully connected layers [9]. Existing studies in the
literature often suffer from two key shortcomings. First,
the hyperparameter optimizations of specially designed
models are not investigated in sufficient depth. Second,
in small and limited-labeled datasets, transfer learning
models with a large number of parameters often exhibit
low performance due to the overfitting problem. CNN
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architectures demand thorough adjustment of
hyperparameters to attain optimal performance.
Therefore, this study presents a lightweight, enhanced
with attention, and optimized custom CNN architecture
with a minimum number of layers designed to accurately
detect lung cancers from CT images. We conducted
extensive  experiments to  evaluate  different
hyperparameters and various optimization algorithms to
determine the configuration that provides the best
performance. This study makes a noteworthy
contribution to the literature by demonstrating that a
carefully optimized light custom model can provide
higher performance and efficiency compared to complex,
pre-trained transfer learning models for specific medical
imaging tasks. Furthermore, the proposed model can
support healthcare specialists in making rapid and
reliable diagnostic decisions for lung diseases.

2. Related Work

The literature includes many notable studies applying
deep learning to lung cancer detection. Agnes et al. [10]
studied lung tumor classification in their study. The
authors conducted classification using a Convolutional
Long Short-Term Memory (ConvLSTM) neural network
on computed tomography images and achieved an
accuracy rate of 0.93. This result is better than CNN and
long short-term memory (LSTM) models alone. Rehman
et al. [11] conducted a study on detecting lung cancer
using machine learning methods applied to computed
tomography images. The authors detected not only the
cancer but also the type of cancer, and these are
adenocarcinoma, squamous cell carcinoma, and large cell
carcinoma. The best results were obtained with Support
Vector Machine (SVM) and K-Nearest Neighbor (k-NN)
methods and the accuracy rates were 0.93 for SVM and
0.91 for k-NN. Lei et al. [12] classified lung tumors as
good or bad and used Meta Ordered Weighted Network
model using Meta Ordered Set. The authors obtained an
accuracy rate of 0.69 with the Mow-Net model. Alakwaa
et al. [13] proposed a CNN for classifying lung CT
images in Data Science Bowl and Kaggle. They used the
U-net CNN architecture and worked on the LUNA
dataset and as a result, an accuracy rate of 0.87 was
obtained with the method using the U-net CNN
architecture. Liao et al. [14] investigated the use of 3D
CNN s for the detection and classification of lung nodules
from CT scans. The study focused more on the use of
spatial information available in 3D scans, which was
hypothesized to improve the accuracy of detecting
nodules of various sizes, and the model achieved an
accuracy of 0.86 as a performance measure.
Anthimopoulos et al. [15] created a CNN model for
classifying various tissue types in lung diseases, and their
model includes 5 convolutional layers, 1 pooling layer,
and 3 fully connected layers. In their study, the proposed
CNN algorithm achieved better results in texture
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classification and detection with an accuracy of 0.86
compared to other algorithms such as LeNet, AlexNet
and VGG Net. Song et al. [16] used the LIDC-IDRI
dataset to classify CT images as benign and malignant in
their study. The dataset was analyzed using architectures
such as CNN, Deep Neural Networks (DNN), and
Stacked Autoencoders (SAE). The CNN architecture
outperformed the other proposed networks and showed
the highest performance with 0.84 accuracy, 0.83
sensitivity and 0.84 specificity. Ashhar et al. [17] aimed
to study the performance of five different Convolutional
Neural Network architectures in the classification of lung
tumors into malignant and benign using the LIDC-IDRI
dataset, the architectures evaluated were DenseNet,
MobileNetV2, ShuffleNet, SqueezeNet and GoogleNet.
The performance of these architectures was measured
based on accuracy, sensitivity, specificity and (AUC)
performance values and showed that GoogleNet was the
most successful CNN architecture with 0.95 accuracy,
0.99 specificity, 0.65 sensitivity and 0.86 AUC for lung
tumor classification in CT images. Mohamed et al. [18]
introduced a method that integrates a CNN model with a
hybrid metaheuristic algorithm to enhance the accuracy
of lung cancer diagnosis. In the proposed hybrid model,
the Ebola Optimization Search Algorithm (EOSA) is
applied to enhance the solution vector of the CNN
architecture. First, a CNN architecture is designed and
the solution vector is calculated. This solution vector is
then passed to EOSA to determine the optimal
combination of weights and biases to solve the
classification problem. In experiments using a lung
cancer dataset from the Iraqi Oncology Teaching
Hospital/National Center for Cancer Diseases (IQ-
OTH/NCCD), the EOSA-CNN model successfully
proved its classification performance with an accuracy of
0.87. Tan et al. [19] employed a tailored VGG16-based
15-layer 2D CNN architecture utilizing transfer learning.
This CNN model was trained and tested on CT image sets
obtained from the National Lung Screening Trial and the
National Institute of Allergy and Infectious Diseases TB
Portals. The results show that the CNN with pre-trained
lock-free weights achieves an F1 score of 0.90 and an
accuracy of 0.90.

While these studies prove the effectiveness of deep
learning models for lung cancer detection, the vast
majority either do not detail important methods such as
data augmentation and optimization, or report only
limited metrics such as accuracy and F1 score. This leads
to the neglect of more clinically meaningful metrics such
as Precision, Recall, and Specificity. Furthermore, many
of the transfer learning models used in existing studies
can lead to overfitting problems in small and imbalanced
datasets. To fill these gaps, our study proposes a
lightweight, optimized custom model and presents a
much more comprehensive performance evaluation with
a wider range of metrics.
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Table 1. Existing studies for lung cancer classification using CT images

Studies Model Year Accuracy(%) Classification

Agnes et al. ConvLTSM 2020 93 Binary
Rehman et al. SVM 2021 93 Multi-class

Leiet al. MowNet 2021 69 Binary

Song et al. CNN 2017 84 Binary

Ashhar et al. GoogleNet 2021 95 Binary
Mohamed et al. EOSA-CNN 2023 87 Multi-class

Tan et al. DNN 2022 90 Binary

Alakwaa U-net CNN 2017 87 Binary

Liao et al. 3D CNN 2019 86 Binary
Anthimopoulos et al. CNN 2016 86 Multi-class

3. Materials and Methods

CNN models successfully solve a wide range of image-
based classification problems, from medical image
classification [20], image noise type detection [21] to waste
classification [22]. They stand out from classical machine
learning models, particularly due to their end-to-end and
raw image as an input learning capabilities. CNNs extract
feature maps using filters in each layer and reduce the
image size through max pooling across blocks, extracting
local features in the initial stages and object shapes in the
final layers. To achieve successful results in CNN
architecture based on image type and quantity, it is
necessary to optimally adjust the model depth, i.e., the
number of layers. In addition, to adjust the layer width, it
is important to optimally determine the number of filters in
each layer. If the models are very deep and wide, they can
easily fall into overfitting when the dataset is small.
Overfitting can cause the model to achieve high accuracy
on the training dataset but perform poorly on the test
dataset it has not seen before [23]. This study uses a dataset
of lung CT images obtained from the Kaggle database [24].
The dataset includes subfolders for different types of lung
cancer (squamous cell carcinoma, large cell carcinoma,
adenocarcinoma) and a separate subfolder for normal CT
scan images. The original Kaggle dataset was utilized as
the primary dataset, whereas a more extensive secondary
dataset was constructed by applying various data
augmentation techniques to the original data. The datasets
were split into 80% for training and 20% for testing. Data
augmentation was applied to balance the classes and
enhance the model's generalization ability. This process
applied a range of transformations, including rescaling,
rotation, horizontal and vertical shifts, shearing, zooming,
and horizontal flipping.

Table 2. Comparison of the original and expanded datasets

(Original) (Expanded)

Class Training Test  Training Test
Normal 172 43 1000 250
Adenocarcinoma 271 67 1000 250
Large Cell 150 37 1000 250
Carcinoma

Squamous Cell 0 52 1000 250
Carcinoma

Table 3. Image samples in the dataset,
a)Adenocarcinoma b) Large cell carcinoma
¢) Squamous cell carcinoma d) Normal lung CT images
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These parameters made the model more robust against
images in different positions and lighting conditions. The
distributions of the data sets used are given in Table 2 and
image examples in Table 3.

The methodological flow of the study is as follows:

i.  Binary Classification: In the first stage, CT images
of different lung cancer types were combined into a
single "cancer" class and binary classification was
performed against normal images. In this stage,
different architecture and systematic hyperparameter
optimization were used to determine the best model.
Multi-class Classification: The dataset was returned
to its original four-class structure, and the
performance of different optimization algorithms
(Adamax, Adam, RMSprop, Adadelta, SGD,
Adagrad, Nadam) was compared for multi-class
classification using the original and augmented
datasets.

Transfer Learning: Comparative experiments were
performed using pre-trained transfer learning models
such as VGGI16, ResNet50, InceptionV3, and
DenseNetl2l on both the original and data-
augmented datasets.

ii.

ii.

3.1. VGG16

VGG-16, proposed by the Visual Geometry Group (VGG)
from the University of Oxford, features a 16-layer CNN
architecture that includes 13 convolutional layers and 3
fully connected layers[25]. Each convolutional layer
contains a rectified linear unit (ReLU) activation function
to increase the model's capacity to learn complex patterns
in images, while a “Softmax” activation function is applied
in the output layer. Advanced models for transfer learning,
including VGG16, have a large number of parameters that
contribute to their adaptability and accuracy in complex
image-based tasks.

3.2. Resnet50

The Residual Network (ResNet), developed by He et al. in
2015, is a widely used deep learning architecture [26]. A
residual learning strategy was presented to ease the training
of deeper networks, where each 2-layer block in the 34-
layer configuration is replaced by a 3-layer bottleneck
block, forming a 50-layer ResNet. Experimental results
demonstrate that the 50-layer ResNet models outperform
the 34-layer models in terms of accuracy. Moreover, no
degradation problem was observed despite the increase in
depth, which shows that increasing the network depth leads
to significant accuracy gains in all evaluation criteria.

3.3. InceptionV3

Inception-v3 is a module proposed by Szegedy et al. [27],
and it differs from inception-v2. The differences include
the addition of not only convolution layers but also batch
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normalization and fully connected (FC) layers as auxiliary
classifiers. As a result of this refinement, the framework
has been named Inception- v3. Compared to the network
defined by loffe and Szegedy [28] for single product
evaluation in the ILSVRC 2012 classification and the top-
quality version of Inception-v3, the presented Inception-v3
model is six times cheaper computationally and uses at
least five times fewer parameters.

3.4. DenseNet121

The basic structure of the DenseNetl121 model described
by Huang et al. [29] consists of dense blocks each of which
contains multiple convolutional layers, and these dense
blocks provide deeper and more comprehensive feature
learning and improve the efficiency of model parameters
by establishing dense connections between layers and
propagating feature maps directly to the next layers [29].
DenseNet121 includes a transition layer after each dense
block that extends its depth up to 121 layers and a fully
connected layer of 1000 units for ImageNet classification.
In experiments, it tends to provide a consistent
improvement in accuracy with an increasing number of
parameters without any sign of performance degradation or
overfitting, allowing the model to efficiently process large
and detailed datasets.

3.5. Performance Measurement Parameters

The model's performance is evaluated on the test set using
various metrics such as Recall, Accuracy, Precision,
Confusion Matrix, and F1 Score. These metrics provide a
comprehensive evaluation of the model's ability to
accurately classify lung cancer images, and these values,
true negative (TN), true positive (TP), false negative (FN),
and false positive (FP), give us the number of predictions
of the class labels.

3.5.1. F1 Score

The operation to be performed to find the F1 score value is
the harmonic average of the Precision and Recall values
[30]. The F1 score is employed to assess the effectiveness
of diagnostic models in lung cancer detection, emphasizing
the importance of accurately identifying positive cases
(i.e., actual lung cancer patients). The formula of the
performance parameter is given in Equation 3.1.

Precision * Recall
F1 Score = 2 *

.1
Precision + Recall (3.1)

3.5.2. Recall

Recall evaluates how many of the truly positive instances
are correctly classified, emphasizing its role in capturing
positive predictions accurately [31]. The formula of the
performance parameter is given in Equation 3.2.

Recall = 3.2)

TP + FN
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3.5.3. Accuracy

In the study, the classifier's accuracy was calculated by
taking the ratio of the total correctly classified positives
and negatives to the overall number of samples [32]. The
performance parameter's formula is presented in
Equation 3.3.

A ~ TP + TN
Ceuracy = TP ¥ FP + TN + FN

(3.3)

3.5.4. Precision

The classifier's performance improved on the balanced
dataset but declined on the unbalanced dataset [31].
Precision more clearly reveals performance differences
than other metrics [31]. In the study, precision was used
as an important performance metric. The formula of the
performance parameter is given in Equation 3.4.

TP

P o s -
recision TP + FP

(3.4)

3.5.5. Confusion Matrix

A confusion matrix serves as an effective and detailed
tool for evaluating classifier performance, particularly in
multi-class, single-label scenarios in which each instance
belongs to a single class [33].

4. Results and Discussion
In the study, CT images containing normal lung tissue

and different types of lung tumors were used. The
experiments were carried out in the Google Colaboratory

optimization  algorithms were evaluated. The

experiments performed are given in Table 5.
4.1. Binary Classification and Model Optimization

To identify the most suitable architecture, different
configurations  were  evaluated by  varying
hyperparameters such as the number of convolutional
layers, epochs, batch size, and learning rate (see Table 4).
The datasets were loaded using a data generator, with all
images resized to a fixed input dimension and labeled for
binary classification. For data preprocessing, all datasets
(training, validation, and test) were normalized to the 0—
1 pixel range using the parameter rescale is 1./255. To
improve the model’s generalization capability, data
augmentation was applied to training set. Specifically,
images were rotated up to +5°, shifted horizontally and
vertically up to 30%, subjected to shear transformations,
and zoomed up to 30%. Horizontal flipping was also
employed, and empty regions were filled using the
nearest neighbor method. These transformations
enhanced the model’s robustness to variations in
orientation, scale, and position. CNN architectures with
an increased number of filters in successive layers were
preferred, as they facilitate the extraction of more
complex features [34].

Table 4. Hyperparameters and their abbreviations

Hyperparameters Search Range Values
Number of Convolutional 5-15

Layers (NCL)

Number of Filters (NF) 16-512

Optimization Algorithm (OA)  Adam, RMSprop
Learning Rate (LR) 0.00001, 0.0001, 0.001

environment. In the initial phase of the study, extensive Batch Size (BS) 16, 32

experiments were systematically performed on different Input Image Size (IIS) 180, 224

CNN architectures and hyperparameters to determine the Epoch (E) 10-100

model that provides the highest accuracy for binary

classification. In this process, the hyperparameters were

tuned using a trial-and-error approach, and various

Table 5. Experimental studies

Model NCL NF IS E B OA Ace F1 LR

No S (%) (%)
1 7 32,32,64,64,128,128,512 224 10 16 RMSprop 87 85 0,0001
2 9 16,16,32,32,64,64,128,128,512 224 15 16 Adam 85 86 0,001
3 8 32,32,64,64,128,128,256,256 224 100 16 RMSprop 93 90  0,0001
4 7 32,32,64,64,128,128,512 224 15 32 Adam 80 71 0,001
5 7 32,32,64,64,128,128,512 224 10 16 Adam 80 82 0,001
6 9 32,32,64,64,128,128,256,256,512 224 30 16 Adam 67 65 0,00001
7 6 32,32,64,64,128,256 224 40 16 RMSprop 88 78 0,001
8 11 32,32,32,64,64,64,64,128,128,256,512 224 70 32 RMSprop 72 72 0,001
9 7 32,32,64,64,128,128,512 224 30 32 Adam 90 91 0,0001
10 8 32,32,64,64,128,128,256,512 224 35 32 RMSprop 65 64 0,001
11 11 32,32,32,64,64,64,64,128,128,256,512 224 25 32 RMSprop 80 71 0,0001
12 9 16,16,32,32,64,64,128,128,512 224 40 32 Adam 80 72 0,001
13 10 16,16,32,32,64,64,128,128,128,512 180 20 32 Adam 86 84  0,0001
14 9 16,16,32,32,64,64,128,128,512 180 40 32 Adam 70 82 0,001
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15 7 32,32,64,64,128,128,512 224 10 32 Adam 53 48 0,001
16 8 16,16,32,32,64,64,128,512 180 50 32 Adam 80 71 0,001
17 7 32,32,64,64,128,128,512 180 20 16 RMSprop 64 66 0,001
18 10 16,16,32,32,64,64,128,128,128,512 224 25 32 RMSprop 77 78 0,0001
19 6 32,32,64,64,128,256 180 40 16 Adam 65 67 0,001
20 7 32,32,64,64,128,128,512 180 50 16 RMSprop 73 75 0,0001

Acc: Accuracy, F1: F1 Score

As a result of the experiments, the best model
accomplished 93% accuracy and a 90% F1 score. This
model was trained for 100 epochs with a learning rate of
0.0001 and a batch size of 16. The model's performance
was observed using validation data, and the best-
performing model was saved.

i. Convolution Layers: Each convolution layer
uses a 3x3 filter with ReLU activation to
stabilize the learning process, followed by
Batch Normalization.

ii. MaxPooling Layers: MaxPooling layers with
2x2 filters were used after each convolutional
block to decrease the spatial dimensions of the
features.

fii. Normalization Layer: Normalization layers
are used to normalize neuron activations
within a layer to ensure they exhibit similar
scales and distributions [35].

iv. Dropout Layer: Dropout layers in neural
networks randomly deactivate some neurons
at each training iteration, encouraging the
network to learn redundant representations
and reducing dependency on specific neurons
[36].

V. Flatten Layer: The generated layers are
tasked with extracting image features,
producing a matrix-vector of low-level
complex characteristics to represent the image
uniquely [37]. To classify the output from the
convolutional and pooling layers, a
classification network is required. However,
prior to classification, the output of these
layers need to be merged into a single vector.

vi. Dense Layer: After flattening the layer of the
feature maps, a fully connected layer with 512
units and ReL U activation was added.

vii. Output Layer: The output layer was run using
sigmoid activation corresponding to two
classes. The other dataset was run using
softmax activation corresponding to four
classes.
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Figure 1. Proposed CNN architecture

The model's architecture is designed to capture
hierarchical features from the input images. The
architecture includes convolutional layers with ReLU
activation followed by Batch Normalization layers,
MaxPooling layers with 2x2 filters, Dropout layers,
and a flattening layer. Finally, a fully connected layer
with 512 units and the output layer (with sigmoid
activation and softmax for multi-class) were added. The
proposed model consists of eight convolutional layers,
which can be organized into five blocks. The first two
blocks each contain a convolutional layer, a batch
normalization layer, and a max pooling layer,
sequentially. The remaining three blocks each comprise
two sequential convolutional layers with batch
normalization in between, and each block also includes
a max pooling layer. One of the defining characteristics
of the model proposed in this study is its lightweight
design. This lightness is directly related to our model
having fewer parameters than other popular transfer
learning models. The total number of parameters of our
proposed model is 7,601,188. This number is quite low
compared to complex models often used in the
literature, which typically have many more parameters.
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Figure 2. Comparison of training parameters between
the proposed model and transfer learning models

In Figure 2, we compare the number of training
parameters in our proposed model with state-of-the-art
transfer learning models. Our proposed model
demonstrates significantly better performance with
fewer parameters.

4.2. Multi-class Classification and Algorithm
Comparison

After determining the most suitable CNN architecture
for binary classification, the effectiveness of different
optimization algorithms was evaluated on a wider
range of data. In the multi-class -classification
experiments performed on the original dataset, the
performance of the Adamax, Adam, RMSprop,
Adadelta, SGD, Adagrad, and Nadam algorithms was
compared. In this phase, the model's performance

was analyzed more comprehensively using metrics
such as Precision, Recall, Specificity, and F1 score. The
results obtained are shown in Table 6.

Table 6. Results obtained using different optimization
algorithms with the original dataset obtained from
Kaggle

OK:::Z:::::H Accuracy Sfolre Recall Precision
Adam 87 87 87 88
SGD 63 61 61 61
RMSprop 73 71 72 69
Adadelta 78 76 76 77
Adagrad 60 63 63 63
Adamax 74 74 74 73
Nadam 62 58 61 57

In the study, the Adam algorithm, which gave the best
results among the optimization algorithms, was run for
100 epochs and achieved an 87% accuracy and an 87%
F1 score. The training process, accuracy, and losses
were visualized graphically over the epochs in Figure
3. These graphs helped in understanding the model's
learning behavior and identifying overfitting problems.
We can say that throughout the epochs, training and
validation data have mostly progressed in an
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overlapping manner. Figure 4 shows the confusion
matrix obtained with the Adam optimization algorithm.

Model accuracy

— Tain
— Yalidation \

Epoch

Madel loss

50

adenocarcinoma

40

largecellcarcinoma -
30

normal - 0

squamouscellcarcinoma - 2

l ' l
adenocarcinomalargecellcarcinoma normal  squamouscellcarcinoma

Figure 4. Confusion matrix using Adam

In Figure 3, fluctuations in the validation curve are
generally observed in cases of dropout and small batch
sizes. When lower dropout and larger batch sizes are
used, these fluctuations decrease significantly, but when
dropout is reduced, the model may overfit.

When examining Figure 4, we see that the model
correctly classified 51 adenocarcinoma cases, but it also
made the most errors here because it mistakenly
classified 12 adenocarcinoma images as squamous cell
carcinoma. It also incorrectly classified 3 images as large
cell carcinoma and one as normal. Since our model made
the most errors here, data augmentation methods that can
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improve the distinction between these two classes can be
applied.

In the experiments conducted on the data-augmented
dataset, the RMSprop algorithm was run for 100 epochs
(see Figure 5) and achieved 96% accuracy and a 95% F1
score. These findings demonstrate that data augmentation
not only significantly increases performance but also
enables the model to converge quickly. The results for
the RMSprop algorithm are presented in Table 7, and the
accuracy and loss curves in Figure 5, the confusion
matrix in Figure 6, respectively.

Table 7. Results obtained using different optimization
algorithms with the augmented dataset.

Oz:lgls:izt?:::n Accuracy Score Recal Precision
Adam 75 75 76 74
SGD 74 73 74 71
RMSprop 96 95 96 96
Adadelta 86 86 86 87
Adagrad 63 64 63 65
Adamax 90 90 90 91
Nadam 62 65 62 67
10 e ———
: eV

gV v i

e /’\/

i /]
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Figure 5. Accuracy and loss graph for 100 epochs using
RMSprop.

Confusion Matrix Heatmap

6 3

normal -

Figure 6. Confusion matrix using RMSprop
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4.3. Transfer Learning and Comparison

Experiments were performed on both the original and
data-augmented datasets to evaluate the performance of
transfer learning models. The results obtained using
VGG16, ResNet50, InceptionV3, and DenseNetl21 on
the original dataset from Kaggle are shown in Table 8.
The highest accuracy was reached with ResNet50,
providing 78% accuracy. The accuracy and loss curves
for ResNet50 are shown in Figure 7 and Figure 8,
respectively. The confusion matrix obtained from
ResNet50 with transfer learning is presented in Figure 9.

Table 8. Results obtained using transfer learning with the
original dataset.

Model Accuracy  F1 Score Recall
VGG16 67 65 67
Resnet50 78 78 78
InceptionV3 61 60 60
DenseNet121 76 74 74

Model accuracy

1 — Tain

% &0

0 0

1] 100

Epoch

Figure 7. Accuracy graph implemented ResNet50.

Madel loss

[t

Figure 8. Loss graph implemented ResNet50.
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Figure 9. Confusion matrix implemented ResNet50.

The evaluations performed on the augmented dataset are
shown in Table 9, revealing that the DenseNetl21
architecture provided the best performance with 86%
accuracy.

Table 9. Results obtained using transfer learning with the
augmented dataset.

Model Accuracy  F1 Score Recall
VGGl6 65 64 67
Resnet50 57 56 57
InceptionV3 60 61 61
DenseNetl121 86 86 86

This comparison shows that the dataset created with data
augmentation provides higher accuracy in transfer
learning experiments as well. However, it was observed
that the proposed custom CNN model (96% accuracy on
the data-augmented dataset) performed much better than
the transfer learning models (best at 86% accuracy). This
proves that a properly optimized, lightweight architecture
can be more suitable and effective for a specific task
compared to large, pre-trained models.

Additionally, we used attention mechanisms.
Specifically, after the last convolution block, we added
both channel and spatial attention mechanisms to our
model. Channel attention mechanisms enhance the
impact of important channels, while spatial attention
mechanisms enhance the impact of important regions on
the feature map. By wusing these two attention
mechanisms sequentially, we created a more stable
model by first enhancing the impact of important
channels and then enhancing the impact of important
regions on the feature maps. With this approach, we have
further improved the performance of the lightweight
model.

5. Conclusion

Lung cancer remains one of the deadliest forms of cancer
worldwide, and its early diagnosis is of critical
importance for the timely and effective initiation of
treatment. As traditional diagnostic methods can be prone
to human error, the development of artificial intelligence-
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based systems that can directly analyze CT images is of
great importance.

In this study, a lightweight, enhanced with attention and
optimized CNN architecture was presented to classify
lung cancers from CT images with high accuracy. The
study conducted comparative experiments on the
organized Kaggle dataset and augmented dataset via
different optimization algorithms.

The experiments showed that the augmented dataset
significantly improved the performance of both the
proposed custom model and the transfer learning models.
The proposed custom model, with the RMSprop
algorithm on the augmented dataset, achieved 96%
accuracy, a 95% F1 score, 96% Precision, and 96%
Recall, surpassing the best-performing transfer learning
model.

These results indicate that a lightweight and optimized
custom architecture offers advantages such as high
accuracy, efficiency, and low computational cost,
suggesting it could be used as a potential decision support
system for clinical applications. The low number of
parameters in the model allows for less computational
power and offers faster training and inference times. This
is a great advantage, especially in systems with limited
hardware resources or in real-time diagnostic
applications. This lightness demonstrates that the model
maintains its efficiency while achieving high accuracy
rates.

For future work, it is proposed to extend the presented
system into a Computer-Aided Diagnosis (CAD)
interface that can not only detect cancerous tissues but
also provide segmentation related features such as tumor
size and volume.
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