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ABSTRAK 
Klasifikasi tumor otak secara otomatis dari citra MRI menjadi penting dalam 
mendukung diagnosis dini dan perencanaan pengobatan yang lebih efektif. 
Namun, proses diagnosis secara manual masih menghadapi kendala seperti 
subjektivitas dan keterbatasan sumber daya medis. Penelitian ini bertujuan 
untuk mengoptimalkan klasifikasi tumor otak melalui analisis komparatif 
terhadap enam arsitektur Convolutional Neural Network (CNN), yaitu VGG16, 
VGG19, MobileNet, InceptionV3, AlexNet, dan Xception. Dataset citra MRI 
diperoleh dari repositori terbuka, kemudian diproses melalui tahap 
normalisasi, reduksi noise, segmentasi, dan augmentasi data. Seluruh 
arsitektur CNN diimplementasikan menggunakan transfer learning, dan 
pelatihan dilakukan dengan parameter yang seragam. Evaluasi performa 
dilakukan berdasarkan metrik akurasi, sensitivitas, spesifisitas, dan F1-score. 
Hasil penelitian menunjukkan bahwa arsitektur Xception dan InceptionV3 
memberikan performa klasifikasi terbaik dengan akurasi validasi masing-
masing sebesar 97,9% dan 96,1%. MobileNet juga menunjukkan hasil 
kompetitif sebesar 95,6%, dengan keunggulan efisiensi komputasi. 
Sebaliknya, VGG19 dan AlexNet mencatatkan akurasi validasi yang lebih 
rendah dan menunjukkan indikasi overfitting. Temuan ini menegaskan 
bahwa arsitektur modern dengan depthwise separable convolution dan 
residual connection lebih efektif dalam mengekstraksi fitur kompleks dari 
citra MRI otak. Dengan demikian, arsitektur seperti Xception dan MobileNet 
menjadi kandidat kuat untuk diimplementasikan dalam sistem diagnosis 
berbantuan komputer di lingkungan klinis dengan keterbatasan sumber 
daya. 
 
Kata Kunci: Classification; Deep Learning; Image Processing; Identification; 
Medical Science 

 
ABSTRACT 

Automatic classification of brain tumors from MRI images is crucial for supporting early diagnosis and 
improving treatment planning. However, manual diagnostic processes remain limited by subjectivity and 
resource constraints. This study aims to optimize brain tumor classification by conducting a comparative 
analysis of six Convolutional Neural Network (CNN) architectures: VGG16, VGG19, MobileNet, InceptionV3, 
AlexNet, and Xception. The MRI datasets were sourced from open repositories and processed through 
normalization, noise reduction, segmentation, and data augmentation. All CNN models were implemented 
using transfer learning and trained under consistent parameters. Model performance was evaluated based on 
accuracy, sensitivity, specificity, and F1-score. The results revealed that the Xception and InceptionV3 
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architectures achieved the highest classification performance, with validation accuracies of 97.9% and 96.1%, 
respectively. MobileNet also performed competitively at 95.6%, offering notable computational efficiency. In 
contrast, VGG19 and AlexNet yielded lower validation accuracies and exhibited signs of overfitting. These 
findings highlight the effectiveness of modern CNN architectures that incorporate depthwise separable 
convolutions and residual connections in extracting complex features from brain MRI images. Therefore, 
models such as Xception and MobileNet are strong candidates for implementation in computer-aided 
diagnosis systems in resource-constrained clinical environments. 
 
Keywords: Classification; Deep Learning; Image Processing; Identification; Medical Science  
 
 
1. INTRODUCTION 

The rapid advancement of artificial 
intelligence (AI) in medical imaging has 
significantly transformed diagnostic processes, 
particularly in the field of neuro-oncology (Niño, 
Bernardino, and Domingues 2024). Among 
various life-threatening diseases, brain tumors 
remain one of the most challenging conditions to 
diagnose and manage due to their heterogeneous 
characteristics and complex manifestation 
within cranial structures (Ardalan and Subbian 
2022).  

Early and accurate classification of brain 
tumors is critical, as it directly influences 
treatment decisions and prognostic outcomes 
(Benabid et al. 2024). Conventional diagnostic 
methods such as biopsy and manual 
interpretation of Magnetic Resonance Imaging 
(MRI) are often limited by subjectivity, time 
constraints, and the availability of expert 
radiologists (Sowjanya, Reddy, and Raveena 
2023). 

To address these challenges, computer-
aided diagnosis (CAD) systems leveraging deep 
learning techniques have emerged as a 
promising solution (Abdelaziz Ismael, 
Mohammed, and Hefny 2020; Kaba et al. 2023). 
Convolutional Neural Networks (CNNs), in 
particular, have demonstrated remarkable 
efficacy in various image classification tasks and 
have shown substantial potential in medical 
applications, including brain tumor identification 
from MRI scans.  

Several CNN architectures—such as 
AlexNet, VGGNet, GoogLeNet, ResNet (Buchade 
and Kantipudi 2024; Jain et al. 2023; Shedbalkar 
and Prabhushetty 2024; Srinivasan et al. 2024), 
and DenseNet—have been successfully 
employed in tumor classification studies with 
varying degrees of accuracy and computational 
efficiency (Alshuhail et al. 2024; Kesav and Rajini 
2024). However, despite their promising results, 
a comprehensive and comparative analysis of 
these architectures tailored specifically to brain 
tumor classification remains underexplored, 

particularly within the context of diverse MRI 
datasets. 

The primary limitation in current 
methodologies lies in the lack of consensus 
regarding the optimal CNN architecture that 
balances classification accuracy, model 
complexity, and practical deploy ability in clinical 
environments (Malik et al. 2024; Shewale and 
Daruwala 2023). Some models, like VGGNet, offer 
high classification performance but at the cost of 
extensive computational resources (N.Huda, S.Y. 
Prayogi, M.A. Ahmad 2022; Shedbalkar and 
Prabhushetty 2024; Venkatesh et al. 2020).  

Others, like MobileNetV3, provide 
lightweight alternatives with acceptable 
accuracy but require further validation against 
more complex tumors (Mathivanan et al. 2024; 
Yebasse, Cheoi, and Ko 2023). Moreover, many 
existing studies do not systematically compare 
model performance using uniform preprocessing 
techniques or consistent evaluation metrics, 
thereby limiting the reproducibility and 
generalizability of their findings. 

Given this background, the present study 
addresses the following key research questions: 
1. How do different CNN architectures perform 

in classifying brain tumors using MRI 
images? 

2. Can transfer learning enhance classification 
accuracy, particularly in distinguishing 
malignant from benign tumors? 

3. Which architecture offers the best trade-off 
between accuracy, computational efficiency, 
and applicability in clinical diagnostics? 

To answer these questions, we propose a 
comparative study that evaluates the 
performance of various CNN models, including 
AlexNet, VGG16, GoogLeNet, ResNet, and 
InceptionV3, using a standardized dataset and 
uniform preprocessing pipeline (Ali et al. 2022; 
Ghosh et al. 2024; Jain et al. 2023). The models 
are assessed using key performance metrics such 
as accuracy, sensitivity, specificity, and F1-score 
(Potadar, Holambe, and Chile 2024).  

The significance of this study lies in its 
potential to inform the selection of CNN 
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architectures for practical implementation in 
computer-aided brain tumor diagnosis systems, 
particularly in resource-constrained healthcare 
settings (Bintang, Novirianthy, and 
Hidayaturrahmi 2024; Irianto, Karnila, and 
Yuliawati 2024; Kumaar et al. 2024). By 
identifying the most accurate and 
computationally feasible model, this research 
contributes to improving early detection efforts 
and supporting timely clinical interventions. 

The remainder of this paper is structured 
as follows: Section 2 presents the related work 
and highlights the theoretical and practical gaps 
addressed by this study. Section 3 details the 
methodology, including dataset preprocessing, 
model implementation, and evaluation 
strategies. Section 4 discusses the experimental 
results and comparative performance analysis. 
Section 5 offers concluding remarks and outlines 
future research directions. 

 
2. RELATED WORK 

The application of deep learning 
techniques, particularly Convolutional Neural 
Networks (CNNs), has seen a marked rise in the 
field of brain tumor classification using medical 
imaging modalities such as Magnetic Resonance 
Imaging (MRI) (Oksuz et al. 2020; Oladimeji and 
Ibitoye 2023; Shreeharsha 2024). Numerous 
studies have reported promising results 
employing various CNN architectures, yet 
inconsistencies in methodological design and a 
lack of comparative evaluations remain 
prevalent. 

One of the earliest architectures adopted 
in brain tumor classification is AlexNet, which 
demonstrated the foundational potential of CNNs 
in image classification tasks. (Sarkar et al. 2023) 
combined AlexNet with machine learning 
classifiers and observed moderate classification 
accuracy for MRI-based tumor images, though 
the model struggled to capture high-level 
abstractions due to its relatively shallow 
architecture (Huda and Ku-Mahamud 2025; 
Huda and Safitri 2024). 

VGGNet, particularly the VGG16 and 
VGG19 variants, has been extensively employed 
owing to its simple and uniform architecture of 
stacked 3×3 convolutional layers. Studies by 
(Agarwal et al. 2023) and (Babu Vimala et al. 
2023) report that VGGNet consistently achieves 
high accuracy in classifying gliomas, 
meningiomas, and pituitary tumors. However, its 
major drawback lies in the excessive number of 
parameters, leading to high memory 
consumption and reduced suitability for real-
time clinical deployment. 

The GoogLeNet architecture, based on 
Inception modules, was introduced to enhance 
computational efficiency by capturing multi-
scale features within the same layer. It has shown 
competitive performance in tumor classification 
tasks, with (Malakouti, Bagher Menhaj, and 
Abolfazl Suratgar 2024) demonstrating its ability 
to achieve an accuracy rate exceeding 99% on 
benchmark datasets. Nonetheless, its complex 
structure demands careful tuning, especially 
when applied to heterogeneous medical datasets. 

ResNet, which introduced residual 
learning through shortcut connections, has been 
recognized for enabling deeper network training 
without degradation. Several studies, including 
those by (Raza et al. 2024) and (Musa et al. 2024), 
have leveraged ResNet variants (e.g., ResNet-50, 
ResNet-101) for brain tumor classification, 
achieving high levels of accuracy and robustness. 
However, overfitting remains a concern, 
particularly in scenarios involving limited 
training samples. 

DenseNet offers an alternative approach 
by introducing dense connections between 
layers, ensuring maximum information flow and 
mitigating the vanishing gradient problem. It has 
recently gained traction in brain tumor research, 
with Alshammari (2023) proposing a DenseNet-
Hybrid architecture that outperformed 
traditional CNNs by enhancing feature reuse and 
reducing model redundancy. 

Transfer learning has also emerged as a 
viable strategy to improve classification 
performance, especially when dealing with small 
or imbalanced datasets. (Amin et al. 2022) and 
(Hastomo et al. 2024) illustrated the 
effectiveness of fine-tuning pretrained CNN 
models, such as MobileNetV3 and 
InceptionResNetV2, for improved detection of 
malignant tumors, underscoring the utility of 
transfer learning in medical contexts with limited 
annotated data. 

Despite these advances, most existing 
studies evaluate CNN architectures in isolation, 
often utilizing different datasets, preprocessing 
pipelines, or evaluation metrics, which hinders 
cross-comparability. Furthermore, little 
emphasis has been placed on balancing model 
accuracy with computational feasibility, a key 
consideration for deployment in clinical 
settings—particularly in resource-constrained 
environments like many hospitals in Indonesia. 

In light of these gaps, this study aims to 
provide a systematic and comparative evaluation 
of multiple CNN architectures using a uniform 
dataset and standardized performance metrics. 
By doing so, it seeks to offer actionable insights 
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into selecting the most suitable CNN model for 
practical application in brain tumor diagnosis. 
 
3. METHODOLOGY 

This study employs a systematic and 
comparative approach to evaluate the 
performance of several Convolutional Neural 
Network (CNN) architectures in classifying brain 
tumors from Magnetic Resonance Imaging (MRI) 
data. The methodology encompasses dataset 
preparation, preprocessing, model 
implementation, training and validation, 
performance evaluation, and comparative 
analysis. 

 
3.1 Dataset Collection 

The research utilizes publicly available 
MRI brain tumor datasets compiled from 
multiple open-access sources (Figure 1), 
including: 
1. Kaggle Brain MRI Dataset 
2. National Institutes of Health (NIH) Medical 

Imaging Databases 
3. UC Irvine Machine Learning Repository 

(UCI-MLR) 
4. Public Health Image Library (PHIL) 

 

    
Kaggle NIH UCI PHIL 

Figure 1. Dataset Multiple 
 

 
Figure 2. Dataset Sample 

 
These datasets (Figure 2) include T1-

weighted and contrast-enhanced T1 MRI images, 

annotated with three primary tumor classes: 
glioma, meningioma, and pituitary tumor, along 
with non-tumorous (normal) brain images. Data 
was curated to ensure adequate representation 
across all classes, with care taken to anonymize 
and pre-validate the images for quality. 

 
3.2 Image Processing 

To ensure uniformity and enhance 
model performance, the MRI images underwent 
several preprocessing steps: 

1. Normalization 
Pixel intensity values were normalized to 
the range [0, 1] to standardize the data 
distribution and expedite convergence 
during training. 

2. Noise Removal 
Gaussian blur and median filtering 
techniques were applied to reduce image 
noise, preserving relevant anatomical 
structures critical for tumor identification 
(Figure 4). 

3. Tumor Segmentation 
Semi-automatic thresholding and 
morphological operations were employed 
to isolate tumor regions from healthy 
brain tissues, allowing the models to focus 
on salient features. 

4. Data Augmentation 
To address class imbalance and prevent 
overfitting, augmentation techniques such 
as rotation, horizontal and vertical 
flipping, zooming, and random cropping 
were applied, increasing the dataset's 
variability and generalization capability 
(Figure 3). 
 

 
Figure 3. Image Preprocessing (Augmentation) 



Nurul Huda, Herman Yuliansyah, Maulany Citra Pandini 
Optimization of CNN Architectures for Accurate Brain Tumor Classification: A Comparative Study 
 

 
JRST (Jurnal Riset Sains dan Teknologi) - Vol. 9 (2) 2025  - (205-217) 209 

  
Original Noise Filtering 

Figure 4. Image Preprocessing (Noise Filtering) 
 

3.3 Experimental Setup and Model 
Architectures  

The experimental phase involved the 
implementation and evaluation of six prominent 
CNN architectures: 
1. AlexNet 
2. VGG16 
3. GoogLeNet (Inception V1) 
4. InceptionV3 
5. ResNet50 
6. DenseNet121 

Each model was trained using the same 
dataset split and preprocessing pipeline to 
ensure comparability. The models were 
implemented using Python with TensorFlow and 
Keras libraries, trained on NVIDIA GPU hardware 
to accelerate computational efficiency. 

 
3.4 Training and Validation Strategy 

The dataset was divided into training 
(70%) and testing (30%) sets, with a 10-fold 
cross-validation applied during training to 
minimize variance and improve reliability. 
Transfer learning was employed by initializing 
models with pretrained weights on the ImageNet 
dataset, followed by fine-tuning of higher 
convolutional layers to adapt to domain-specific 
features in brain MRI images. 

Hyperparameters were selected based 
on preliminary grid search experiments: 
1. Learning rate: 1e-4 
2. Batch size: 32 
3. Optimizer: Adam 
4. Epochs: 50 (with early stopping based on 

validation loss) 
 

3.5 Performance Metrics 
Model performance was evaluated using 

a comprehensive set of metrics commonly used 
in medical image classification (Gayathri and 
Kumar 2024): 
1. Accuracy (ACC) 
2. Precision (P) 
3. Recall (R) / Sensitivity 
4. F1-Score (F1) 
5. Specificity (SPC) 

These metrics were calculated for each 
class, and the mean values were used to assess 

overall model performance. A confusion matrix 
was also constructed to visualize classification 
results and identify common misclassifications. 

 
3.6 Comparative Analysis   

Following individual model evaluations, 
a comparative analysis was conducted to rank 
architectures based on their diagnostic 
performance, computational cost, and memory 
footprint. This analysis aids in identifying 
architectures that offer an optimal trade-off 
between accuracy and efficiency—critical for 
integration in real-world clinical settings, 
particularly in low-resource environments. 

 
4. RESULTS AND DISCUSSIONS 

This section presents the performance 
evaluation of six Convolutional Neural Network 
(CNN) architectures—VGG16, VGG19, MobileNet, 
InceptionV3, AlexNet, and Xception—on the 
brain tumor classification task. The results are 
analyzed based on both training and validation 
accuracy, as depicted in Table 1. 

 
4.1. Model Accuracy Analysis 

Figure 5 illustrates the comparative 
accuracy of each model architecture. The 
Xception architecture yielded the highest 
classification performance, achieving 98.1% 
training accuracy and 97.9% validation accuracy, 
followed closely by InceptionV3 with 97.2% 
training accuracy and 96.1% validation accuracy. 
These results suggest that deeper and more 
optimized models with residual and separable 
convolution layers (as seen in Xception and 
Inception architectures) are better suited for 
capturing the complex features of brain MRI data. 

In contrast, VGG19 and AlexNet 
demonstrated relatively lower validation 
accuracies of 87.1% and 87.9%, respectively. 
While their training accuracies were moderately 
high (85.9% and 90.5%), the larger gap between 
training and validation accuracy indicates 
potential overfitting, suggesting that these 
architectures may not generalize well to unseen 
data. 

MobileNet, a lightweight architecture 
designed for resource-constrained 
environments, performed competitively with 
96.0% accuracy for both training and validation. 
This highlights its strong generalization 
capability despite its relatively shallow depth 
and reduced parameter count, making it an 
attractive candidate for deployment on mobile or 
edge devices. 
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Figure 5. Experiment Results 
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(a) 

 

 
(b) 
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(c) 

 

 
(d) 
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(e) 

 

 
(f) 

Figure 6. Experiment Results Graph VGG16(a), VGG19(b), MobileNet (c), InceptionV3(d), AlexNet(e), Xception (f) 

 
4.2. Discussion and Comparative Evaluation 

The results (Figure 6) demonstrate that 
model depth and architectural innovation 

significantly influence classification 
performance. The Xception model, which 
combines depthwise separable convolutions and 
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residual connections, showed exceptional 
performance and minimal overfitting. Its 
superior accuracy suggests that such 
architectural enhancements are effective in 
extracting discriminative features from brain 
tumor MRI images.  

InceptionV3 also performed well, 
corroborating the efficacy of inception modules 
in handling multi-scale image features. 
MobileNet's balance between performance and 
computational efficiency is noteworthy, 
indicating its suitability for real-time clinical 
applications in low-resource settings. The 
relatively poorer performance of VGG-based 
models may be attributed to their uniform and 
deep convolutional layers without architectural 
modularity or residual connections, which limits 
their capacity to generalize complex image 
patterns.  

Additionally, AlexNet’s performance, 
while historically significant, appears outdated 
compared to more recent architectures, 
reaffirming the importance of continued 
innovation in CNN design. 

 
4.3. Implications for Clinical Integration 

The empirical evidence suggests that 
CNN architectures such as Xception and 
MobileNet hold substantial promise for 
automated brain tumor diagnosis. Their ability to 
accurately classify tumor types from MRI data, 
when paired with minimal overfitting, indicates 
potential for integration into clinical decision-
support systems (CDSS). Moreover, MobileNet’s 
efficiency makes it a viable candidate for 
deployment on portable diagnostic tools, aiding 
rapid and accessible diagnoses in underserved 
regions. 
 
5. CONSLUSIONS 

This study has conducted a comparative 
analysis of six prominent Convolutional Neural 
Network (CNN) architectures—VGG16, VGG19, 
MobileNet, InceptionV3, AlexNet, and Xception—
for the task of brain tumor classification using 
MRI imaging data. The evaluation focused on 
training and validation accuracy as the primary 
performance indicators. 

The experimental findings demonstrate 
that the Xception architecture achieved the 
highest classification performance, with 98.1% 
training accuracy and 97.9% validation accuracy, 
followed by InceptionV3 and MobileNet, which 
also exhibited strong generalization capabilities. 
In contrast, VGG19 and AlexNet presented 
relatively lower performance, with notable gaps 

between training and validation accuracies, 
indicating potential overfitting. 

From a methodological standpoint, 
architectures that incorporate depthwise 
separable convolutions, inception modules, and 
residual connections are more effective in 
capturing the complex visual features of brain 
MRI images. Furthermore, MobileNet’s efficient 
performance highlights the feasibility of using 
lightweight models for clinical applications in 
environments with limited computational 
resources. 

In conclusion, this study underscores the 
importance of selecting an optimal CNN 
architecture tailored to the characteristics of 
medical imaging data. The results support the 
potential implementation of advanced CNN 
models such as Xception and MobileNet in 
computer-aided diagnosis systems for brain 
tumor detection. Future research may expand 
this work by incorporating segmentation 
techniques, multi-class tumor grading, 
explainable AI approaches, and evaluation across 
more diverse datasets to further enhance the 
reliability and interpretability of the models. 

 
ACKNOWLEDGMENTS 

The authors would like to express their 
sincere gratitude to RISETMU, Majelis 
Pendidikan Tinggi, Penelitian, dan 
Pengembangan Pimpinan Pusat Muhammadiyah 
(Majelisdiktilitbang PP Muhammadiyah), for the 
financial support provided through the RISETMU 
research grant program. This funding has been 
instrumental in facilitating the completion of this 
research project. The authors also appreciate the 
continuous encouragement and support from the 
academic community of Muhammadiyah Higher 
Education Institutions. 
 
REFERENCES 

Abdelaziz Ismael, Sarah Ali, Ammar Mohammed, 
and Hesham Hefny. 2020. “An Enhanced 
Deep Learning Approach for Brain Cancer 
MRI Images Classification Using Residual 
Networks.” Artificial Intelligence in 
Medicine 102:101779. doi: 
https://doi.org/10.1016/j.artmed.2019.1
01779. 

Agarwal, Shruti, Dhyanendra Jain, Shubh Gupta, 
Saijal Sawhney, and Yash Mittal. 2023. 
“Brain Tumor Detection and Classification 
Using Deep Learning.” Proceedings - IEEE 
2023 5th International Conference on 
Advances in Computing, Communication 
Control and Networking, ICAC3N 2023 

https://doi.org/10.1016/j.artmed.2019.101779
https://doi.org/10.1016/j.artmed.2019.101779


Nurul Huda, Herman Yuliansyah, Maulany Citra Pandini 
Optimization of CNN Architectures for Accurate Brain Tumor Classification: A Comparative Study 
 

 
JRST (Jurnal Riset Sains dan Teknologi) - Vol. 9 (2) 2025  - (205-217) 215 

635–40. doi: 
https://doi.org/10.1109/ICAC3N60023.2
023.10541584.  

Ali, Redha, Russell C. Hardie, Barath Narayanan 
Narayanan, and Temesguen M. Kebede. 
2022. “IMNets: Deep Learning Using an 
Incremental Modular Network Synthesis 
Approach for Medical Imaging 
Applications.” Applied Sciences 
(Switzerland) 12(11). doi: 
https://doi.org/10.3390/app12115500. 

Alshuhail, Asma, Arastu Thakur, R. Chandramma, 
T. R. Mahesh, Ahlam Almusharraf, V. 
Vinoth Kumar, and Surbhi Bhatia Khan. 
2024. “Refining Neural Network 
Algorithms for Accurate Brain Tumor 
Classification in MRI Imagery.” BMC 
Medical Imaging 24(1):1–20. doi: 
https://doi.org/10.1186/s12880-024-
01285-6. 

Amin, Javaria, Muhammad Sharif, Anandakumar 
Haldorai, Mussarat Yasmin, and Ramesh 
Sundar Nayak. 2022. “Brain Tumor 
Detection and Classification Using 
Machine Learning: A Comprehensive 
Survey.” Complex and Intelligent Systems 
8(4):3161–83. doi: 
http://doi.org/10.1007/s40747-021-
00563-y. 

Ardalan, Zaniar, and Vignesh Subbian. 2022. 
“Transfer Learning Approaches for 
Neuroimaging Analysis: A Scoping 
Review.” Frontiers in Artificial Intelligence 
5(February):1–15. doi: 
https://doi.org/10.3389/frai.2022.78040
5. 

Babu Vimala, Baiju, Saravanan Srinivasan, 
Sandeep Kumar Mathivanan, 
Mahalakshmi, Prabhu Jayagopal, and 
Gemmachis Teshite Dalu. 2023. “Detection 
and Classification of Brain Tumor Using 
Hybrid Deep Learning Models.” Scientific 
Reports 13(1):1–17. doi: 
https://doi.org/10.1038/s41598-023-
50505-6. 

Benabid, Amina, Jing Yuan, Mohammed A. M. 
Elhassan, and Douaa Benabid. 2024. 
“CFNet: Cross-Scale Fusion Network for 
Medical Image Segmentation.” Journal of 
King Saud University - Computer and 
Information Sciences 36(7):102123. doi: 
http://doi.org/10.1016/j.jksuci.2024.102
123. 

Bintang, Khairunnisa Setia, Rima Novirianthy, 
and Hidayaturrahmi Hidayaturrahmi. 
2024. “Imaging Profile of Intracranial 
Tumors at Dr. Zainoel Abidin Regional 
General Hospital Banda Aceh.” Indonesian 
Journal of Cancer 18(2):184–90. doi: 
https://doi.org/10.33371/ijoc.v18i2.113
9. 

Buchade, Anisa C., and MVV Prasad Kantipudi. 
2024. “Recent Trends on Brain Tumor 
Detection Using Hybrid Deep Learning 
Methods.” Revue d’Intelligence Artificielle 
38(1):103–13. doi: 
https://doi.org/10.18280/ria.380111. 

Gayathri, T., and K. Sundeep Kumar. 2024. “Brain 
Tumor Segmentation and Classification 
Using Cnn Pre-Trained Vgg-16 Model in 
Mri Images.” IIUM Engineering Journal 
25(2):196–211. doi: 
https://doi.org/10.31436/iiumej.v25i2.2
963. 

Ghosh, Hritwik, Irfan Sadiq Rahat, J. V. R. 
Ravindra, J. Balajee, Mohammad Aman 
Ullah Khan, and J. Somasekar. 2024. 
“Convolutional Neural Networks in 
Malaria Diagnosis: A Study on Cell Image 
Classification.” EAI Endorsed Transactions 
on Pervasive Health and Technology 10:1–
11. doi: 
https://doi.org/10.4108/eetpht.10.5551. 

Hastomo, Widi, Adhitio Satyo Bayangkari Karno, 
Ellya Sestri, Vany Terisia, Diana Yusuf, 
Shevty Arbekti Arman, and Dodi Arif. 
2024. “Classification of Brain Image 
Tumor Using EfficientNet B1-B2 Deep 
Learning.” Semesta Teknika 27(1):46–54. 
doi:https://doi.org/10.18196/st.v27i1.19
691. 

Huda, Nurul, and Ku Ruhana Ku-Mahamud. 2025. 
“CNN-Based Image Segmentation 
Approach in Brain Tumor Classification : A 
Review †.” Engineering Proceedings 
84(66):1–11. 

Huda, Nurul, and Ika Safitri. 2024. 
“Reinforcement Learning and Meta-
Learning Perspectives Frameworks for 
Future Medical Imaging.” 8(2):271–79. 

Irianto, Suhendro Y., Sri Karnila, and Dona 
Yuliawati. 2024. “Study of Manhattan and 
Region Growing Methods for Brain Tumor 
Detection.” Journal of Advances in 
Information Technology 15(2):183–94. 
doi: 

https://doi.org/10.1109/ICAC3N60023.2023.10541584
https://doi.org/10.1109/ICAC3N60023.2023.10541584
https://doi.org/10.3390/app12115500
https://doi.org/10.1186/s12880-024-01285-6
https://doi.org/10.1186/s12880-024-01285-6
http://doi.org/10.1007/s40747-021-00563-y
http://doi.org/10.1007/s40747-021-00563-y
https://doi.org/10.3389/frai.2022.780405
https://doi.org/10.3389/frai.2022.780405
https://doi.org/10.1038/s41598-023-50505-6
https://doi.org/10.1038/s41598-023-50505-6
http://doi.org/10.1016/j.jksuci.2024.102123
http://doi.org/10.1016/j.jksuci.2024.102123
https://doi.org/10.33371/ijoc.v18i2.1139
https://doi.org/10.33371/ijoc.v18i2.1139
https://doi.org/10.18280/ria.380111
https://doi.org/10.31436/iiumej.v25i2.2963
https://doi.org/10.31436/iiumej.v25i2.2963
https://doi.org/10.4108/eetpht.10.5551
https://doi.org/10.18196/st.v27i1.19691
https://doi.org/10.18196/st.v27i1.19691


Nurul Huda, Herman Yuliansyah, Maulany Citra Pandini 
Optimization of CNN Architectures for Accurate Brain Tumor Classification: A Comparative Study 
 

 
JRST (Jurnal Riset Sains dan Teknologi) - Vol. 9 (2) 2025  - (205-217) 216 

https://doi.org/10.12720/jait.15.2.183-
194. 

Jain, Jayneet, Mihika Kubadia, Monika Mangla, 
and Prachi Tawde. 2023. “Comparison of 
Transfer Learning Techniques to Classify 
Brain Tumours Using MRI Images †.” 
Engineering Proceedings 59(1). doi: 
https://doi.org/10.3390/engproc202305
9144. 

Kaba, Şerife, Huseyin Haci, Ali Isin, Ahmet Ilhan, 
and Cenk Conkbayir. 2023. “The 
Application of Deep Learning for the 
Segmentation and Classification of 
Coronary Arteries.” Diagnostics 13(13). 
doi: 
https://doi.org/10.3390/diagnostics131
32274. 

Kesav, O. Homa, and G. K. Rajini. 2024. 
“Enhancing Brain Tumor Detection and 
Classification with Reduced Complexity 
Spatial Fusion Convolutional Neural 
Networks.” International Journal of 
Intelligent Engineering and Systems 
17(1):263–77. doi: 
https://doi.org/10.22266/ijies2024.0229
.25. 

Kumaar, M. Akshay, Duraimurugan Samiayya, 
Venkatesan Rajinikanth, P. M. Durai Raj 
Vincent, and Seifedine Kadry. 2024. “Brain 
Tumor Classification Using a Pre-Trained 
Auxiliary Classifying Style-Based 
Generative Adversarial Network.” 
International Journal of Interactive 
Multimedia and Artificial Intelligence 
8(6):101–11. doi: 
https://doi.org/10.9781/ijimai.2023.02.0
08. 

Malakouti, Seyed Matin, Mohammad Bagher 
Menhaj, and Amir Abolfazl Suratgar. 2024. 
“Machine Learning and Transfer Learning 
Techniques for Accurate Brain Tumor 
Classification.” Clinical EHealth 7:106–19. 
doi: 
https://doi.org/10.1016/j.ceh.2024.08.0
01. 

Malik, Mubasher H., Hamid Ghous, Tahir Rashid, 
Bibi Maryum, Zhang Hao, and Qasim Umer. 
2024. “Feature Extraction-Based Liver 
Tumor Classification Using Machine 
Learning and Deep Learning Methods of 
Computed Tomography Images.” Cogent 
Engineering 11(1). doi: 
https://doi.org/10.1080/23311916.2024
.2338994. 

Mathivanan, Sandeep Kumar, Sridevi 
Sonaimuthu, Sankar Murugesan, 
Hariharan Rajadurai, Basu Dev Shivahare, 
and Mohd Asif Shah. 2024. “Employing 
Deep Learning and Transfer Learning for 
Accurate Brain Tumor Detection.” 
Scientific Reports 14(1):1–15. doi: 
https://doi.org/10.1038/s41598-024-
57970-7. 

Musa, Muhammad Nazeer, Muhammad Bashar 
Sanusi, Phillip Odion, and Saifullahi Sadi 
Shitu. 2024. “MRI-Based Brain Tumor 
Classification Using ResNet-50 and 
Optimized Softmax Regression.” Jurnal 
Infotel 598–614. 

N.Huda, S.Y. Prayogi, M.A. Ahmad, A. Y. Dew. 
2022. “Klasifikasi Malaria Menggunakan 
Citra Sel Darah Merah Dengan Algoritma 
Convolutional Neural Network.” Journal of 
Information System 7(1):166–77. 

Niño, Stephanie Batista, Jorge Bernardino, and 
Inês Domingues. 2024. “Algorithms for 
Liver Segmentation in Computed 
Tomography Scans: A Historical 
Perspective.” Sensors 24(6):1–19. doi: 
https://doi.org/10.3390/s24061752. 

Oksuz, Ilkay, James R. Clough, Bram Ruijsink, 
Esther Puyol Anton, Aurelien Bustin, 
Gastao Cruz, Claudia Prieto, Andrew P. 
King, and Julia A. Schnabel. 2020. “Deep 
Learning-Based Detection and Correction 
of Cardiac MR Motion Artefacts during 
Reconstruction for High-Quality 
Segmentation.” IEEE Transactions on 
Medical Imaging 39(12):4001–10. doi: 
https://doi.org/10.1109/TMI.2020.3008
930. 

Oladimeji, Oladosu Oyebisi, and Ayodeji 
Olusegun J. Ibitoye. 2023. “Brain Tumor 
Classification Using ResNet50-
Convolutional Block Attention Module.” 
Applied Computing and Informatics. doi: 
https://doi.org/10.1108/ACI-09-2023-
0022. 

Potadar, Mahesh P., Raghunath S. Holambe, and 
Rajan H. Chile. 2024. “Design and 
Development of a Deep Learning Model 
for Brain Abnormality Detection Using 
MRI.” Computer Methods in Biomechanics 
and Biomedical Engineering: Imaging and 
Visualization 12(1):1–15. doi: 
https://doi.org/10.1080/21681163.2023
.2250878. 

https://doi.org/10.12720/jait.15.2.183-194
https://doi.org/10.12720/jait.15.2.183-194
https://doi.org/10.3390/engproc2023059144
https://doi.org/10.3390/engproc2023059144
https://doi.org/10.3390/diagnostics13132274
https://doi.org/10.3390/diagnostics13132274
https://doi.org/10.22266/ijies2024.0229.25
https://doi.org/10.22266/ijies2024.0229.25
https://doi.org/10.9781/ijimai.2023.02.008
https://doi.org/10.9781/ijimai.2023.02.008
https://doi.org/10.1016/j.ceh.2024.08.001
https://doi.org/10.1016/j.ceh.2024.08.001
https://doi.org/10.1080/23311916.2024.2338994
https://doi.org/10.1080/23311916.2024.2338994
https://doi.org/10.1038/s41598-024-57970-7
https://doi.org/10.1038/s41598-024-57970-7
https://doi.org/10.3390/s24061752
https://doi.org/10.1109/TMI.2020.3008930
https://doi.org/10.1109/TMI.2020.3008930
https://doi.org/10.1108/ACI-09-2023-0022
https://doi.org/10.1108/ACI-09-2023-0022
https://doi.org/10.1080/21681163.2023.2250878
https://doi.org/10.1080/21681163.2023.2250878


Nurul Huda, Herman Yuliansyah, Maulany Citra Pandini 
Optimization of CNN Architectures for Accurate Brain Tumor Classification: A Comparative Study 
 

 
JRST (Jurnal Riset Sains dan Teknologi) - Vol. 9 (2) 2025  - (205-217) 217 

Raza, Saqlain, Nasim Gul, Haider Ali Khattak, 
Arisha Rehan, Muhammad Imran Farid, 
Anum Kamal, Dr Jai Singh Rajput, Sajid 
Mukhtiar, and Aziz Ullah. 2024. “Brain 
Tumor Detection and Classification Using 
Deep Feature Fusion and Stacking 
Concepts.” Journal of Population 
Therapeutics & Clinical Pharmacology 
31(01):1339–56. doi: 
https://doi.org/10.53555/jptcp.v31i1.41
79. 

Sarkar, Alok, Md Maniruzzaman, Mohammad 
Ashik Alahe, and Mohiuddin Ahmad. 2023. 
“An Effective and Novel Approach for 
Brain Tumor Classification Using AlexNet 
CNN Feature Extractor and Multiple 
Eminent Machine Learning Classifiers in 
MRIs.” Journal of Sensors 2023. doi: 
https://doi.org/10.1155/2023/1224619. 

Shedbalkar, Jayashree, and Kappargaon 
Prabhushetty. 2024. “Deep Transfer 
Learning Model for Brain Tumor 
Segmentation and Classification Using 
UNet and Chopped VGGNet.” Indonesian 
Journal of Electrical Engineering and 
Computer Science 33(3):1405–15. doi: 
https://doi.org/10.11591/ijeecs.v33.i3.p
p1405-1415. 

Shewale, Mitali V., and Rohin D. Daruwala. 2023. 
“High Performance Deep Learning 
Architecture for Early Detection and 
Classification of Plant Leaf Disease.” 
Journal of Agriculture and Food Research 
14(June):100675. doi: 
https://doi.org/10.1016/j.jafr.2023.1006
75. 

Shreeharsha, J. 2024. “Brain Tumor 
Segmentation and Classification Using 
Binomial Thresholding-Based 
Bidirectional-Long-Short Term Memory.” 
International Journal of Intelligent 
Engineering and Systems 17(3):149–58. 
doi:https://doi.org/10.22266/ijies2024.0
630.13. 

Sowjanya, K., K. Rasool Reddy, and M. Raveena. 
2023. “A New Distinctive Methodology for 
the Classification of Brain MR Images 
Using Histogram Based Local Feature 
Descriptors.” International Journal of 
Computing and Digital Systems 
13(1):1301–15. 
doi:https://doi.org/10.12785/ijcds/1301
106. 

Srinivasan, Saravanan, Divya Francis, Sandeep 

Kumar Mathivanan, Hariharan Rajadurai, 
Basu Dev Shivahare, and Mohd Asif Shah. 
2024. “A Hybrid Deep CNN Model for 
Brain Tumor Image Multi-Classification.” 
BMC Medical Imaging 24(1):1–21. doi: 
https://doi.org/10.1186/s12880-024-
01195-7. 

Venkatesh, Y. Nagaraju, T. S. Sahana, S. Swetha, 
and Siddhanth U. Hegde. 2020. “Transfer 
Learning Based Convolutional Neural 
Network Model for Classification of Mango 
Leaves Infected by Anthracnose.” 2020 
IEEE International Conference for 
Innovation in Technology, INOCON 2020. 
doi: 
https://doi.org/10.1109/INOCON50539.
2020.9298269. 

Yebasse, Milkisa, Kyung Joo Cheoi, and Jaepil Ko. 
2023. “Malaria Disease Cell Classification 
With Highlighting Small Infected Regions.” 
IEEE Access 11(January):15945–53. doi: 
https://doi.org/10.1109/ACCESS.2023.3
245025. 

 

 
 

https://doi.org/10.53555/jptcp.v31i1.4179
https://doi.org/10.53555/jptcp.v31i1.4179
https://doi.org/10.1155/2023/1224619
https://doi.org/10.11591/ijeecs.v33.i3.pp1405-1415
https://doi.org/10.11591/ijeecs.v33.i3.pp1405-1415
https://doi.org/10.1016/j.jafr.2023.100675
https://doi.org/10.1016/j.jafr.2023.100675
https://doi.org/10.22266/ijies2024.0630.13
https://doi.org/10.22266/ijies2024.0630.13
https://doi.org/10.12785/ijcds/1301106
https://doi.org/10.12785/ijcds/1301106
https://doi.org/10.1186/s12880-024-01195-7
https://doi.org/10.1186/s12880-024-01195-7
https://doi.org/10.1109/INOCON50539.2020.9298269
https://doi.org/10.1109/INOCON50539.2020.9298269
https://doi.org/10.1109/ACCESS.2023.3245025
https://doi.org/10.1109/ACCESS.2023.3245025

