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This research aimed to investigate a breakthrough in convolutional neural
network (CNN) architecture with the potential to revolutionize lung cancer
classification. The proposed method is a comparative optimization model of
ResNet architecture, with accuracy rate of 99.68% in identifying and
categorizing lung cancer types. The results showed that the use of innovative
methods in CNN architecture, such as multi-dimensional convolutional layers
and the integration of specific lung cancer features, effectively provided
highly accurate and reliable outcomes. These showed a positive impact on the
development of medical diagnostic technology, offering promising potential
to enhance prognosis and response to treatment for lung cancer patients. With
high accuracy rate, this breakthrough presents opportunities for further
advancements in lung cancer management through artificial intelligence-
based methods.
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1. INTRODUCTION

Lung cancer is among the most prevalent and deadly types of cancer globally, occurring from
uncontrolled growth in lung tissue forming tumors [1]-[3]. This disease does not often show symptoms in the
early stages, leading to late diagnosis when treatment becomes more challenging. The main risk factors for
lung cancer include exposure to carcinogenic substances such as cigarette smoke, air pollution, and radon [4],
[5]. Therefore, there is a need for continuous research and innovation in the field of lung cancer diagnostic and
treatment aiming at improving the prognosis as well as life quality of patients. Several strategies have been
implemented to develop more sensitive and accurate diagnostic methods, along with effective and curative
therapies to address the global burden of lung cancer [4]-[7]. Other preventive and management steps include
campaigns to avoid major risk factors such as smoking and increasing awareness of early detection [8].
Consequently, this research focuses on the application of artificial intelligence technology in the development
of a revolutionary convolutional neural network (CNN) architecture to improve accuracy in lung cancer
diagnosis often hindered by morphological and genetic variations that are difficult to identify using
conventional methods [9]-[11].

This research applies various methods including the use of multi-dimensional convolutional layers
and the integration of specific lung cancer features into CNN architecture. In the development of CNN, several
popular architecture that have successfully been effective in various image processing and classification tasks
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include LeNet-5, AlexNet, visual geometry group network (VGGNet), GoogLeNet (Inception), residual
network (ResNet), MobileNet, EfficientNet, and DenseNet [12]-[17]. LeNet-5 has made significant
contributions to CNN development, while AlexNet, developed by Alex Krizhevsky, llya Sutskever, and
Geoffrey Hinton, is known for its deeper architecture and larger convolution layers. Furthermore, VGGNet,
developed at the University of Oxford, is known for very deep structure using relatively small convolution
blocks, consisting of 16 or 19 layers, depending on the variant used. GooglLeNet, developed at Google,
introduces the "Inception” module which uses multiple filter sizes in one layer to capture features at various
scales and improve representation skills [18], [19]. ResNet was developed by Kaiming He and the team at
Microsoft Research, using residual blocks that allow deeper model training without experiencing vanishing
gradient problems. MobileNet is designed for mobile device applications, optimizing speed, and computational
requirements using depthwise separable convolutions. EfficientNet combines scaling methods to optimize
model efficiency regarding size, speed, and accuracy. Densely connected convolutional network (DenseNet)
is developed to address the vanishing and exploding gradient problems, using closer connections between
layers in the form of "dense blocks". Each architecture has specific characteristics, which are used according
to required tasks and needs. Meanwhile, the selection of CNN architecture can significantly influence the
performance and results of the developed model [18]-[22].

Regarding the popular architecture in previous research [23], several significant advantages have been
documented. The proposed ensemble learning of ResNet, EfficientNet, and Inception-v3 with weighted voting
(ELREI) method successfully addresses limitations and leverages the strengths of each CNN architecture,
namely ResNet, EfficientNet, and Inception-v3. This method achieves excellent results of more than 98%
accuracy, precision, recall, and F1-score, with the potential to overcome overfitting, which is often encountered
in CNN architecture. This research also provides a performance comparison of the ELREI method with
previous results, showing excellent performance in classifying lung disease based on chest X-ray (CXR)
images. However, one identified limitation is the lack of discussion regarding model testing on different
datasets or cross-dataset testing. Although the results obtained are more than 98%, there is no information
regarding model testing on external datasets or cross-datasets. Meanwhile, in other research machine learning
model, particularly SVM and decision tree classifiers have been used to classify abnormal breath sounds such
as wheezes and crackles [24]. This method shows potential in diagnosing respiratory diseases more accurately
and objectively using patient demographic data and chest region to obtain more comprehensive information.
However, the research has several identifiable limitations including the absence of in-depth explanation in
comparison with previous research. Information on limitations or constraints is also not available, which can
help readers better understand the context and interpret the results.

This research investigates the effect of improving the ResNet50 model CNN architecture to improve
image classification accuracy in lung cancer, while previous studies have explored the impact of using the
ResNet model CNN architecture, but they have not explicitly discussed the effect on improving classification
and the use of the ResNet architecture model is not explained. So that, this research presents a breakthrough,
identifying the strengths and weaknesses of each method. Strengths include accuracy and efficiency
improvements, while weaknesses consist of computational complexity and large data requirements for model
training. To address these weaknesses, effective solutions are required, showing the potential application of
the proposed method more efficiently [25], [26]. Issues in the selected method in this research include the
potential limitation of training data reflecting the full variation of lung cancer. The proposed method is devised
as an improvement proposal that includes strategies to enhance training data diversity and minimize potential
biases arising from these limitations. The results are expected to provide higher accuracy in classification,
opening opportunities for significant improvements in accurately identifying lung cancer types [21], [26]-[28].
Therefore, this research aimed to develop CNN architecture capable of overcoming diagnostic constraints of
lung cancer, improving classification accuracy, and positively contributing to the advancement of medical
diagnostic technology. The development is carried out to achieve significant improvements in lung cancer
detection, expedite the diagnosis process, and enhance the prognosis as well as treatment of patients affected
by lung cancer.

2. METHOD

This research evaluates CNN optimization techniques for classifying bone fractures using X-ray CT
scan data. The study processes fracture data for CNN models to detect and classify fractures, showing
significant performance improvements with appropriate optimizations. Comparative analysis reveals insights
into each technique's strengths and weaknesses. The findings advance image-based medical diagnosis and offer
practical guidance for optimizing CNN models in healthcare.
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2.1. Data description

The dataset used in this research consisted of CT scans from patients with lung diseases, various stages
of cancer, and healthy subjects. 1Q-OTH/NCCD slides, annotated by experts, were sourced from Kaggle [29].
This dataset, collected in autumn 2019, includes 150 lung images from the Oncology Teaching Hospital of
Irag/National Center for Cancer Diseases. The data was split 80:20 for processing. The workflow of this
research is shown in Figure 1.
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Figure 1. Research workflow in lung disease image classification process

Figure 1 illustrates the data analysis process for chest x-ray images, including preprocessing, model
testing, and performance evaluation of various classification methods. Metrics such as accuracy, precision,
recall, and F1 score assess model performance. Methods used include ResNet50, ResNet50 with class weighted
approach, ResNet50 with synthetic minority oversampling technique (SMOTE), and a combination of
ResNet50 with class weighted approach and SMOTE (proposed method). The dataset was cleaned and split
80:20 for training. The evaluation identifies the best algorithm for optimal diagnostic results.

2.2. Explanation of the Resnet50, ResNet50+ model building with SMOTE data and ResNet50+ model
building with class weighted approach

ResNet is one of the architectural models based on the concept of residual blocks, which allows the
network to overcome the challenges of training very deep models. Residual blocks serve as basic units that
allow direct information flow from input to output without many complex transformations, facilitating the
preservation of identity information during the training process [23]. This model uses shortcut connections or
"residuals" that allow training of very deep networks without degradation problems, which usually occur in
deep networks. The following we will explain the 3 optimized Resnet models.

Figure 2 shows the architecture of Figure 2(a) ResNet50 model, Figure 2(b) ResNet50 with SMOTE
data, and Figure 2(c) ResNet50 with class weighted approach, all of which use different blocks with the
assumption that they allow the network to learn a better data representation. These layers work together to
convert image input into output that can be used for classification or other tasks. ResNet50 is a powerful neural
network model and is frequently used in image recognition and classification tasks due to its ability to learn
better representations of data. Advantages of ResNet50: network depth: With 50 layers, this model is able to
capture very complex and detailed features. Residual connections: Reduces the vanishing gradient problem,
making training more efficient. Pre-trained models: Pre-trained models are available in ImageNet, so they can
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be adapted to various tasks quickly. Disadvantages of ResNet50: Overfitting: Can occur if the dataset is not
large enough or varied. Training time: Requires quite a long training time and high computing resources.
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Figure 2. The architecture of (a) ResNet50, (b) ResNet50 with SMOTE data, and (c) ResNet50 with class
weighted approach
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ResNet50 + SMOTE: This model is the result of applying the SMOTE technique to the dataset before
training the ResNet50 model. SMOTE is a data balancing technique created to address the problem of
imbalanced datasets, where minority classes are improved by creating new synthetic samples based on existing
minority samples. Advantages of ResNet50 + SMOTE: Data balancing: Improves representation of minority
classes, helps models to learn better and reduces bias. Accuracy improvement: Typically improves model
performance on minority classes, reducing misclassifying problems. Cons of ResNet50 + SMOTE: Processing
time: Increasing synthetic data requires additional processing time. Overfitting: Even if the data is balanced,
overfitting can still occur if the synthetic data is not diverse enough.

ResNet50 + class weighted approach this approach involves giving greater weight to minority classes
during the ResNet50 model training process. Instead of increasing the sample of minority classes, the model is
given a larger penalty for errors in these classes. Advantages of ResNet50 + class weighted: balancing without
adding data: No need to increase the amount of data, thereby reducing the risk of overfitting. Efficiency:
Usually faster than oversampling methods because there is no need to create additional samples. Disadvantages
of ResNet50 + class weighted: Complex tuning: Choosing the right weights for each class can be a complex
task and requires a lot of experimentation. Stability: If the weights given are too extreme, it can cause instability
in model training.

2.3. ResNet50+ model building with class weighted approach + model building with SMOTE data

Innovative methods are needed to improve the performance of lung cancer classification models by
combining SMOTE data, data augmentation, and model building with a class weighted approach. This method
aims to overcome challenges in developing lung cancer diagnostic models. By combining these three methods,
the model is expected to be able to recognize complex patterns in lung cancer images, including those in the
minority class.

Figure 3 shows the architecture of the proposed method, combining ResNet50, model building with
class weighted approach, and model building with SMOTE data, as well as adding softmax before the fully
connected layer. The red lines show the parts of the proposed method. The use of SMOTE data, data
augmentation, and model building with a class weighted approach in this research was proven to increase the
accuracy and sensitivity of the lung cancer classification model. The proposed method is effective for
recognizing complex patterns in lung cancer images, thereby improving the performance of lung cancer
classification models.
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Figure 3. lllustration of the proposed method in lung CT scan image classification process
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2.4. Evaluation

In the evaluation stage, the performance results of single-classification models are compared using
ResNet50, ResNet50 built with SMOTE data, and ResNet50 built with a class-weighted approach.
Subsequently, the proposed method, which is a revolutionary CNN architecture for more accurate lung cancer
classification, is created and evaluated using performance measures such as accuracy, sensitivity, specificity,
and F1-score. The results of this method are further compared with other research in the field, demonstrating
its effectiveness in enhancing the precision of lung cancer detection.
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3. RESULTS AND DISCUSSION

The model training results presented in this article include crucial insights into the performance of the
optimized CNN model for lung cancer classification, specifically using the CNN architecture for high-accuracy
image classification with the ResNet50 Plus model as the proposed model, compared to the ResNet50 standard.
In this revolutionary CNN architecture for more accurate lung cancer classification. Figure 3 provides a detailed
explanation of the results obtained for each epoch, highlighting the advancements and improvements in model
performance throughout the training process.

3.1. Image quality improvement

In this research, the initial stage is improving image quality to enhance the quality of lung CT scan
images. A total of three lung CT scan images is shown side by side with labels "Normal,” "Malignant,” and
"Benign™ as shown in Figure 4. The image labeled "Normal" shows an axial (cross-sectional) slice of the chest
CT scan without significant abnormalities. Moreover, lung structures appear clean with a normal air pattern,
no nodules or masses, and an absence of fluid buildup. The image labeled "Malignant” shows an axial slice of
the chest CT scan with irregular masses or nodules in lung. The masses appear denser than the surrounding
normal lung tissue, showing a possible malignant tumor. The image labeled "Benign” shows an axial slice of
the chest CT scan with lesions or nodules that are more defined and appear regular compared to the "Malignant™
image. These lesions have clearer boundaries, showing the tendency for benign growths. These images can be
used for educational or demonstration purposes on how medical images are used to differentiate between
normal lung conditions, malignancy (cancer), and benign growths.

Figure 5 shows three lung segmentation images seemingly generated from a CT scan. The Figure 5(a)
is labeled "Bengali case”, which shows lung slice with a color scale ranging from blue to yellow. Brighter areas
(yellow) show higher tissue density or areas of focus for analysis, with the segmentation emphasizing specific
textures or patterns within lung. The Figure 5(b) is labeled "Polycystic case", where lung segmentation is
performed to allow for a clearer view of the internal lung structures. Furthermore, there are contour lines
following the shape of lung and blood vessels (bronchi), with a diverse color range showing various tissue
densities or types, where bright green areas show cysts or other abnormalities. The Figure 5(c) is labeled
"Normal case”, showing lung slice that appears normal with segmentation indicating uniform tissue
distribution. The color scale is similar to the first image but with fewer variations, showing a possible lack of
significant abnormalities. All three images have coordinated scales, with values showing pixel positions. This
is common for medical image analysis, where the location and size of specific areas are essential for diagnosis
and evaluation. These images can be used by healthcare professionals to assess lung conditions, detect diseases
or abnormalities, and monitor the progression of medical conditions. The segmentation shown aids in
identifying and visualizing lung structures in more detail.

Normal Malignant Benign

Figure 4. Data augmentation results using rotation transformation

o) | ©

Figure 5. Example of clean data images (a) bengali case, (b) polycystic case, (c) normal case
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3.2. CT scan image classification

In image classification stage, the data used include the segmentation result of CT scan image, which
are divided into training and testing data. The training data process is further divided into training and validation
data. At this stage, 1097 data are used consisting of 70% (768 training data) and 30% (329 validation data).

3.2.1. Convolutional neural network classification architecture

At this stage, image classification is performed separately using architecture ResNet50,
ResNet50+class weighted approach, ResNet50+model SMOTE data, and ResNet50+class weighted approach+
SMOTE data. Figure 6 shows the comparison of accuracy results obtained by each architecture on training and
validation data. The blue line represents accuracy value for training data, while the orange line shows validation
data accuracy as shown in Figures 6(a) to 6(d).
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data+class weighted approach
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Figure 6 contains four line graphs, each representing model accuracy over several epochs.
Specifically, each graph is labeled differently, showing the type of model or data processing used. Figure 6(a)
is titled "ResNet50”, showing two lines with one representing training accuracy (orange) and the other
indicating validation accuracy (blue). Both lines show an upward trend, showing an increase in accuracy as the
number of epochs rises. Training accuracy starts slightly above 0.6326 and ends near 0.8783, while validation
accuracy commences approximately below 0.6145 and concludes above the training accuracy at 0.8436.
Figure 6(b) is titled "SMOTE data", showing lines for training and validation accuracy. Training accuracy
commences slightly above 0.8246 and experiences a little decrease below 0.9968. Meanwhile, validation
accuracy commences at approximately 0.9673, rising to meet the training accuracy in the middle of the graph,
but diverges and ends slightly below 0.9273. Figure 6(c) is titled "class weighted approach”, which is similar
to the first graph characterized by two lines for training and validation accuracy. Training accuracy commences
at 0.5572 and rises to slightly below 0.9903, while validation accuracy starts around 0.7636 and increases to
0.9818. Figure 6(d) shows two graphs depicting accuracy and loss of the proposed model. Accuracy on both
training and validation data tends to increase with an increasing number of epochs. Training accuracy is 0.9968
and validation accuracy is in the high range of 0.9891. Furthermore, the loss values for both training and
validation data tend to decrease with an increasing number of epochs, with a loss of 0.0075 and a val_loss of
0.0577. This shows that the model is capable of reducing loss value as the training progresses.

The graphs show that the proposed model is capable of improving accuracy and reducing loss as the
training progresses. The validation accuracy approaching or exceeding the training accuracy shows that the
model can generalize well to new data, showing good performance. All graphs have the x-axis labeled "Epoch"
and the y-axis labeled "Accuracy." The x-axis shows the progress of epochs, although the exact number is not
specific. The y-axis shows accuracy, ranging from around 0.65 to slightly above 0.9 in all graphs with accuracy
values fluctuating and legend showing a line that represents training and validation. These graphs are commonly
used to evaluate the performance of machine learning model, focusing on the effectiveness of generating unseen
new data (validation accuracy) compared to the performance of training data. The proposed model overcomes
limitations and leverages the advantages of different CNN architecture (ResNet50, class weighted approach, and
model SMOTE data) by combining various classification results. Furthermore, the proposed model works during
the training phase, which allows checking the performance results of the weights at each epoch on training and
validation data to handle overfitting. Our research shows that the highest performance achieved by the proposed
method is not only limited to near-perfect accuracy levels, but also to very high precision, recall, and F1 score.
This can be interpreted to mean that high accuracy is not always associated with poor performance in other
aspects such as precision, recall, and F1 score. The proposed method can benefit from the class weighted
approach, SMOTE data, and ResNet50 architecture without adversely impacting the model performance in terms
of lung cancer detection. The evaluation results show that this combination of methods is able to improve overall
performance without sacrificing other important aspects in lung cancer classification.

3.2.2. Confusion matrix

In training CNN model with ResNet50, ResNet50+SMOTE data, ResNet50+class weighted approach,
and ResNet50+SMOTE data+class weighted approach (proposed method), an important evaluation tool called
the confusion matrix is used for performance measurement. The confusion matrix provides a detailed overview
of how well the model can classify each category. This matrix consists of four main parts, namely true positive
(TP), true negative (TN), false positive (FP), and false negative (FN). TP represents the number of samples
correctly classified into the correct class, while TN includes samples correctly classified into the negative class.
FP is the number of samples mistakenly classified as positive, while FN is the number of samples mistakenly
classified as negative. In Figure 7(a) to (d) you can see the following.

As shown in Figure 7, the use of confusion matrix facilitates the calculation of several important
evaluation metrics such as accuracy, precision, recall, and F1-score. Accuracy measures the ability of model
to correctly predict classes overall. Precision measures accuracy of model's positive predictions, while recall
measures the ability to find all actual positive cases. Furthermore, the F1-score is a combination of precision
and recall. Through the analysis of confusion matrix and evaluation metrics, deep insights into the performance
of CNN model with ResNet architecture can be obtained. Meanwhile, adjustment or fine-tuning is made to
improve classification results where necessary, as shown in Table 1.

Table 1. Comparison of lung CT scan image classification performance using ResNet

Method Accuracy  Precision Recall F1-score
ResNet50 0.8783 0.7400 0.9700 0.8400
ResNet class weighted approach 0.9903 0.9800 0.9800 0.9800
ResNet SMOTE data 0.9952 0.9800 0.9800 0.9800
Proposed method 0.9968 0.9900 0.9900 0.9900
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Figure 7. Confusion matrix (a) ResNet50, (b) ResNet50+SMOTE data, (c) ResNet50+class weighted approach,
(d) ResNet50+SMOTE data+class weighted approach

3.2.3. Evaluation

In this research, lung CT scan image classification is performed using ResNet model, and the results
are compared with the previous investigation. The comparison of lung CT scan image classification results
with other researchs are presented in Table 1. The evaluation results in Table 1 show the performance
comparison among the four tested methods. Based on the results, ResNet50 model without specific adjustments
provides accuracy of 87.83%, precision of 74.00%, recall of 97.00%, and F1-score of 84.00%. When applying
the class weighted approach to ResNet, a significant improvement is observed with 99.03% accuracy, and
98.00% for precision, recall, and F1-score, respectively. The use of SMOTE data on ResNet provides the
highest accuracy of 99.52% with consistent precision, recall, and F1-score at 98.00%. However, the proposed
method, consisting of class weighted approach, SMOTE data, and ResNet architecture, shows the most superior
performance with accuracy of 99.68%, and 99.00% for precision, recall, and F1-score, respectively. These
results show that the proposed method can positively contribute to improving lung cancer detection through
machine learning model. The proposed method shows the highest performance with approximately perfect
accuracy as well as very high precision, recall, and F1-score. This shows the successful combination of the
class weighted approach, SMOTE data, and ResNet50 architecture in improving lung cancer classification.

This research explores the use of combination methods such as the class weighted approach, SMOTE
data, and the comprehensive ResNet50 architecture in improving the performance of lung cancer classification
models. However, further and in-depth studies may be needed to confirm the superiority of this method in
practical scenarios involving more complex and diverse data, especially regarding the generalization of the
results to never-before-seen test data. Our study shows that our proposed approach, namely a combination of
class weighted approach, SMOTE data, and ResNet50 architecture, is more robust to class imbalance and
variation in lung cancer datasets. Future studies could explore deeper integration of data augmentation
techniques such as data augmentation to expand the generalization of the model across various medical
datasets, thereby producing more reliable and defensible results. Recent observations show that the integration
of class imbalance handling strategies such as class weighted approach and data SMOTE into the ResNet50
architecture not only improves model performance in terms of accuracy, precision, recall and F1 score, but also
provides conclusive evidence that these phenomena are related to changes in the structure of the dataset and
class distribution, not due to an artificial or synthetic increase in the number of minority class samples.

4, CONCLUSION
In conclusion, this research showed that the addition of specific methods such as the class weighted
approach and SMOTE data to ResNet50 architecture significantly improved the performance of the proposed
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model. Based on the results, ResNet50 model without specific adjustments showed good performance,
specifically in recall but encountered challenges in precision. The implementation of the class weighted
approach provided a significant improvement in accuracy and precision without sacrificing recall, while the
use of SMOTE data resulted in the highest accuracy. The proposed method showed the most superior
performance with accuracy, precision, recall, and F1-score approaching perfect values with accuracy of 99.68%
and precision of 99.00%. Therefore, the integration of class imbalance handling strategies and ResNet50
architecture development in the proposed model showed significant potential in improving accuracy of lung
cancer diagnosis through machine learning model.

REFERENCES

[1]  A. Rizal, R. Hidayat, H. A. Nugroho, and W. A. Cahyadi, “Lung sound classification using multiresolution Higuchi fractal
dimension measurement,” International Journal of Electrical and Computer Engineering, vol. 13, no. 5, pp. 5091-5100, 2023, doi:
10.11591/ijece.v13i5.pp5091-5100.

[2] J. Alshudukhi, S. Aljaloud, T. S. Alharbi, and S. Abebaw, “Convolutional neural network architectures to solve a problem of
tuberculosis classification using x-ray images of the lungs,” Journal of Nanomaterials, vol. 2022, 2022, doi: 10.1155/2022/2509830.

[3] F.Liu, C. Zang,J. Shi, W. He, Y. Liang, and L. Li, “An improved COVID-19 lung X-Ray image classification algorithm based on
ConvNeXt network,” International Journal of Image and Graphics, 2023, doi: 10.1142/S0219467824500360.

[4] M. Vedaraj, C. S. Anita, A. Muralidhar, V. Lavanya, K. Balasaranya, and P. Jagadeesan, “Early prediction of lung cancer using
gaussian naive bayes classification algorithm,” International Journal of Intelligent Systems and Applications in Engineering, vol.
11, no. 6s, pp. 838-848, 2023.

[5] R. U. Osarogiagbon et al., “The international association for the study of lung cancer lung cancer staging project: overview of
challenges and opportunities in revising the nodal classification of lung cancer,” Journal of Thoracic Oncology, vol. 18, no. 4, pp.
410-418, 2023, doi: 10.1016/j.jth0.2022.12.009.

[6] A.Naikand D. R. Edla, “Lung nodule classification using combination of CNN, second and higher order texture features,” Journal
of Intelligent and Fuzzy Systems, vol. 41, no. 5, pp. 5243-5251, 2021, doi: 10.3233/JIFS-189847.

[7] L. Pham, H. Phan, R. Palaniappan, A. Mertins, and I. McLoughlin, “CNN-MoE based framework for classification of respiratory
anomalies and lung disease detection,” IEEE Journal of Biomedical and Health Informatics, vol. 25, no. 8, pp. 2938-2947, 2021,
doi: 10.1109/JBH1.2021.3064237.

[8] L.N.Mahdy, A. 1. B. El Seddawy, and K. A. Ezzat, “Automatic COVID-19 lung images classification system based on convolution
neural network,” International Journal of Electrical and Computer Engineering, vol. 12, no. 5, pp. 5573-5579, 2022, doi:
10.11591/ijece.v12i5.pp5573-5579.

[9] B.T.W. Putra, R. Amirudin, and B. Marhaenanto, “The evaluation of deep learning using convolutional neural network (CNN)
approach for identifying Arabica and robusta coffee plants,” Journal of Biosystems Engineering, vol. 47, no. 2, pp. 118-129, 2022,
doi: 10.1007/s42853-022-00136-y.

[10] D. Ruan, F. Zhang, L. Zhang, and J. Yan, “Optimal modifications in CNN for bearing fault classification and adaptation across
different working conditions,” Journal of Vibration Engineering and Technologies, vol. 12, no. 3, pp. 4075-4095, 2024, doi:
10.1007/s42417-023-01106-0.

[11] N. Alizadeh, S. Afrakhteh, and M. R. Mosavi, “Deep CNN-based classification of motor imagery tasks from EEG signals using 2D
wavelet transformed images of adaptively reconstructed signals from MVMD decomposed modes,” International Journal of
Imaging Systems and Technology, vol. 33, no. 6, pp. 1988-2011, 2023, doi: 10.1002/ima.22913.

[12] T. Zhou et al., “Classification of lung adenocarcinoma based on immune checkpoint and screening of related genes,” Journal of
Oncology, vol. 2021, 2021, doi: 10.1155/2021/5512325.

[13] P. M. Bruntha, S. I. A. Pandian, J. Anitha, S. S. Abraham, and S. N. Kumar, “A novel hybridized feature extraction approach for
lung nodule classification based on transfer learning technique,” Journal of Medical Physics, vol. 47, no. 1, pp. 1-9, 2022, doi:
10.4103/jmp.jmp_61_21.

[14] Y. Yang, X. Li, Z. Han, J. Fu, and B. Gao, “Research on classification of benign and malignant lung nodules based on three-
dimensional multi-view squeeze-and-excitation convolutional neural network,” Sheng wu yi xue gong cheng xue za zhi = Journal
of biomedical engineering = Shengwu yixue gongchengxue zazhi, vol. 39, no. 3, pp. 452-461, 2022, doi: 10.7507/1001-
5515.202110059.

[15] Putrama Alkhairi and A. P. Windarto, “Classification analysis of back propagation-optimized CNN performance in image
processing,” Journal of Systems Engineering and Information Technology (JOSEIT), vol. 2, no. 1, pp. 8-15, 2023, doi:
10.29207/joseit.v2i1.5015.

[16] T.Imandasari, M. G. Sadewo, A. P. Windarto, A. Wanto, H. O. L. Wijaya, and R. Kurniawan, “Analysis of the selection factor of
online transportation in the VIKOR method in Pematangsiantar City,” Journal of Physics: Conference Series, vol. 1255, no. 1,
2019, doi: 10.1088/1742-6596/1255/1/012008.

[17] P. Alkhairi, E. R. Batubara, R. Rosnelly, W. Wanayaumini, and H. S. Tambunan, “Effect of gradient descent with momentum
backpropagation training function in detecting alphabet letters,” Sinkron, vol. 8, no. 1, pp. 574-583, 2023, doi:
10.33395/sinkron.v8i1.12183.

[18] N.Kesav and M. G. Jibukumar, “Multi-Channel CNN based image classification using SKIP connection and MSVM,” International
Journal of Computers and Applications, vol. 44, no. 10, pp. 981-990, 2022, doi: 10.1080/1206212X.2022.2047443.

[19] H. Firat and D. Hanbay, “Comparison of 3D CNN based deep learning architectures using hyperspectral images,” Journal of the
Faculty of Engineering and Architecture of Gazi University, vol. 38, no. 1, pp. 521-534, 2023, doi: 10.17341/gazimmfd.977688.

[20] S. S. Gaikwad, S. S. Rumma, and M. Hangarge, “Fungi affected fruit leaf disease classification using deep CNN architecture,”
International Journal of Information Technology, vol. 14, no. 7, pp. 3815-3824, 2022, doi: 10.1007/s41870-022-00860-w.

[21] V. Sunanthini et al., “Comparison of CNN algorithms for feature extraction on fundus images to detect glaucoma,” Journal of
Healthcare Engineering, vol. 2022, 2022, doi: 10.1155/2022/7873300.

[22] Z.Wang, W. Wang, Y. Yang, Z. Han, D. Xu, and C. Su, “CNN- and GAN-based classification of malicious code families: A code
visualization approach,” International Journal of Intelligent Systems, vol. 37, no. 12, pp. 12472-12489, 2022, doi:
10.1002/int.23094.

[23] L. I. Kesuma, Ermatita, and Erwin, “ELREI: Ensemble learning of ResNet, EfficientNet, and Inception-v3 for lung disease
classification based on chest x-ray image,” International Journal of Intelligent Engineering and Systems, vol. 16, no. 5, pp. 149—

A revolutionary convolutional neural network architecture for more accurate ... (Muliadi)



526

O ISSN: 2252-8938

[24]
[25]
[26]
[27]
[28]

[29]

161, 2023, doi: 10.22266/ijies2023.1031.14.

J. Amose, P. Manimegalai, and R. Pon Selchiya, “Classification of adventitious lung sounds: wheeze, crackle using machine learning
techniques,” International Journal of Intelligent Systems and Applications in Engineering, vol. 11, no. 3, pp. 1143-1152, 2023.

M. Turuk, R. Sreemathy, S. Kadiyala, S. Kotecha, and V. Kulkarni, “CNN based deep learning approach for automatic malaria
parasite detection,” IAENG International Journal of Computer Science, vol. 49, no. 3, 2022.

A. Mumtaz, A. B. Sargano, and Z. Habib, “Fast learning through deep multi-Net CNN model for violence recognition in video
surveillance,” Computer Journal, vol. 65, no. 3, pp. 457-472, 2022, doi: 10.1093/comjnl/bxaa061.

S. R. S. Chakravarthy, N. Bharanidharan, and H. Rajaguru, “Multi-deep CNN based experimentations for early diagnosis of breast
cancer,” IETE Journal of Research, vol. 69, no. 10, pp. 73267341, 2023, doi: 10.1080/03772063.2022.2028584.

A. Akbarimajd et al., “Learning-to-augment incorporated noise-robust deep CNN for detection of COVID-19 in noisy X-ray
images,” Journal of Computational Science, vol. 63, 2022, doi: 10.1016/j.jocs.2022.101763.

H. Alyasriy and M. AL-Huseiny, “The IQ-OTHNCCD lung cancer dataset,” Mendeley Data, V2, 2021, doi:
10.17632/bhmdr45bh2.2.

BIOGRAPHIES OF AUTHORS

Muliadi g 2 is a lecturer in the Computer Science Study Program, Faculty of
Mathematics and Natural Sciences, Lambung Mangkurat University, he has a master's degree
in computer science at Gadjah Mada University, Yogyakarta, and is currently actively
conducting research in the field of data science, artificial intelligence decision support systems.
He also active in several national and international conference activities. He can be contacted
at email: muliadi@ulm.ac.id.

Agus Perdana Windarto BB © was born in Pematangsiantar on August 30 1986. He
completed the masters in computer science and doctoral (Ph.D.) degrees at Putra Indonesia
University "'YPTK' Padang in 2014 and 2024. He has been an active lecturer at STIKOM Tunas
Bangsa since 2012, teaching in the information systems program. His research focuses on
artificial intelligence. He is also part of the Indonesian Journal Volunteers or Relawan Jurnal
Indonesia (RJI) community in North Sumatra, the Data Science Indonesia Researchers
Association (PDSI), the Forum of Higher Education Communities (FKPT), and is a co-founder
of the Yayasan Adwitiya Basurata Inovasi (Yayasan Abivasi) foundation with fellow
professors. He can be contacted at email: agus.perdana@amiktunasbangsa.ac.id.

Solikhun © B B8 2 is an Associate Professor in the STIKOM Tunas Bangsa Informatics
Engineering Undergraduate Study Program. In 2022 he will also become Chair of the STIKOM
Tunas Bangsa informatics engineering undergraduate study program. He is a writer who
completed his doctoral education at the Faculty of Computer Science and Information
Technology, University of North Sumatra. He is the author/co-author of more than 2013
research publications. He can be contacted at email: solikhun@amiktunasbangsa.ac.id.

Putrama Alkhairi () B B8 ©2 was born in Sinaksak on April 17 1997. He completed a master's
degree in computer science in 2023 at the Main Potential University (UPU) Medan. He has been
an active lecturer at STIKOM Tunas Bangsa since 2021, teaching in the information systems
program. His research focuses on artificial intelligence (decision support systems, data mining,
artificial neural networks, deep learning, and genetic algorithms). Apart from that, he has also
been active as a member of a community called "journal hunters" at STIKOM Tunas Bangsa as
a student who took part in joint research with lecturers and has won several awards as the best
article writer at the national seminar held by SENARIS 2018. He can be contacted at email:
putrama@amiktunasbangsa.ac.id.

Int J Artif Intell, Vol. 14, No. 1, February 2025: 516-526


https://orcid.org/0000-0003-2871-9482
https://scholar.google.co.id/citations?user=X-pZX_cAAAAJ&hl=en
https://www.scopus.com/authid/detail.uri?authorId=56826006800
https://orcid.org/0000-0003-3983-1760
https://scholar.google.com/citations?user=Xh_GphMAAAAJ&hl
https://www.scopus.com/authid/detail.uri?authorId=57197780326
https://www.webofscience.com/wos/author/record/782587
https://orcid.org/0009-0003-1182-9914
https://scholar.google.com/citations?user=gRb0sOEAAAAJ&hl
https://www.scopus.com/authid/detail.uri?authorId=57211272339
https://www.webofscience.com/wos/author/record/CAI-3412-2022
https://orcid.org/0009-0001-5331-1203
https://scholar.google.com/citations?user=EIJF-7kAAAAJ&hl=id&authuser=1
https://www.scopus.com/authid/detail.uri?authorId=57211276144
https://www.webofscience.com/wos/author/record/782587

