JUITA: Jurnal Informatika e-ISSN: 2579-8901; Vol. 14, Issue 1, March 2026

Classification Brain Tumor in Hyperparameter-
Optimization of VGG-16 Model and Data
Augmentation Analysis

Putu Desiana Wulaning Ayu'”, | Gede Teguh Satya Dharma?, | Wayan Rizky Wijaya3, Made Agus Oka
Gunawan*, Ni Putu Eka Apriyanthi®, Civica Moehaimin Dhewanty®

123458 Information Technology Department, Politeknik Negeri Bali

*corr-author: wulaning ayu@pnb.ac.id

Abstract - This Advancements in computational
technology have driven the development of Deep Learning,
particularly Convolutional Neural Networks (CNN), in the
classification and recognition of digital images. This
research focuses on the classification of MRI brain tumor
images using the VGG-16 architecture. The primary
challenges include gradient vanishing and overfitting due
to a small dataset. The objective of the study is to evaluate
the performance of the model with various data
augmentation techniques and to assess the impact of
different dataset compositions (90:10 and 70:30) for
training and testing. Two model configurations are used:
Model A with 4096 neurons and Model B with 128 and 64
neurons in the first two Dense layers, respectively. The
tested augmentation techniques include rotation, flip,
Zoom , and their combinations. The results indicate that
rotation and Zoom augmentations provide the best
performance for both models and dataset compositions.
Model A (90:10) achieved an accuracy of 96% with rotation
and 92% with Zoom, while Model B (90:10) achieved 94%
with rotation and 98% with Zoom. For the 70:30
composition, Model A achieved 94% (rotation) and 90%
(Zoom ), while Model B achieved 95% (rotation) and 96%
(Zoom ). This research provides valuable insights into
optimizing VGG-16 architecture for brain tumor
classification using limited datasets.

Keywords: Deep learning; VGG-16; data augmented;
classification.

I. INTRODUCTION

In the medical field, the ability of CNNs to analyse
and interpret medical images has paved the way for
innovations in diagnostic practices, such as detecting
anomalies in radiographs, segmenting tissues in MRI
scans, and even predicting patient outcomes based on
imaging data [1,2]. These technology advancements
have contributed to diagnose for the highest accuracy and
precision for medical professionals, enabling more
timely and effective patient care[3]. Among the various
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CNN architectures, VGG-16 has emerged as a leading
model due to its depth and simplicity [4,5]. Developed
by the Visual Geometry Group at the University of
Oxford, VGG-16 comprises 16 weight layers, including
13 convolutional layers and 3 fully connected layers [6,
7]. This model gained prominence for its superior
performance in the ImageNet Large Scale Visual
Recognition Challenge (ILSVRC) in 2014, where it
significantly outperformed other models [8]. The appeal
of VGG-16 lies in its simple architecture that uses small
3x3 convolutional filters and is trained on large datasets,
allowing the model to effectively capture complex
features from images. Further studies [9, 10] have shown
that using weight initialization techniques like He
uniform and dropout in deep learning layers can enhance
the performance of VGG-16 by mitigating issues such as
vanishing gradients and overfitting. These improvements
make VGG-16 a powerful choice for various image
classification tasks, including medical image processing,
where precision and reliability are crucial. Given its
proven efficacy and adaptability, VGG-16 was selected
for this research to classify brain tumours using MRI
images, aiming to leverage its deep feature extraction
capabilities to enhance diagnostic accuracy [11-13].
However, despite the extensive use of CNN-based
approaches for brain tumour MRI classification, several
limitations remain in existing studies. First, many works
focus primarily on reporting overall accuracy, while
clinically important metrics such as sensitivity,
specificity, and ROC-AUC are often under-reported,
limiting interpretability for medical diagnosis [1, 4].
Second, augmentation strategies are commonly adopted
as standard practice, but only few studies conduct a
structured comparison to quantify which transformations
truly improve model generalisation for multi-class MRI
variability [16, 14]. Third, hyperparameter and
initialization settings are frequently chosen in ad ad-hoc
manner or reported without a clear optimization
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protocol, making result difficult to reproduce and
weakening the methodological contribution. These gaps
motivate the need for a systematic investigation of how
augmentation design and hyperparameter optimization
jointly affect the robustness and clinical relevance of
VGG-16 based tumour classification [15, 16].

Therefore, this study adapts VGG-16 specially for
brain tumour classification using MRI images, targeting
gliomas, meningiomas, pituitary tumours, and non-
tumoral cases. Our work is distinguished from prior
CNN-based MRI classification studies by two main
contributions. First, we perform a structured evaluation
of multiple data augmentation strategies to identify
transformation that most effectively improve VGG-16
generalisation for brain MRI heterogeneity. Second, we
explicitly optimize key hyperparameters-including
dropout rates and He uniform weight initialization under
a clearly defined experimental protocol to determine the
most effective configuration for multi-class tumour
recognition. Through this framework, we aim not only
to validate VGG-16 effectiveness for brain tumour MRI
classification, but also to offer reproducible insights into
the role of augmentation and hyperparameter
optimization in improving diagnostic robustness and
reliability [17,18,19].

Il. METHOD

This research aims to achieve the best-performing
VGG-16 model for classifying MRI brain tumour images
and evaluate its performance. The VGG-16 architecture
was chosen due to its effectiveness in image
classification tasks. The model is implemented using the
Keras framework and tested with various types of
augmentation techniques such as rotation, flip, zoom and
all combines. Proposed model in this research showed in
Fig.1.

A. Dataset

This study utilizes a dataset of MRI images that have
been classified and labelled into four different tumour
categories glioma, meningioma, pituitary, and no
tumour. The dataset is divided into training and testing
data. The choice of this dataset is due to its open access
and suitability for research, scientific development, and
educational purposes. It can be accessed through the
official Kaggle website using the following link
https://www.kaggle.com/datasets/sartajbhuvaji/brain-
tumor-classification-mri. This public resource provides
valuable tools for researchers and students to advance
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brain tumour classification studies and develop machine
learning models in medical imaging. The sample dataset
shown in Fig.1.

The composition used in this study is divided into two
types: 90% training set and 10% testing set (original
dataset composition) and 70% training set and 30%
testing set (new dataset composition), as shown in Table
I. The purpose of using these different compositions is to
evaluate the impact of data distribution on model
performance during training and testing, and to
determine whether the model recognizes patterns better
with more training data or with more testing data for
validation. Experiments on the dataset were conducted
by combining the training and testing datasets according
to their classes, then redistributing them into the new
training and testing sets, as shown in Table I. To address
class imbalance and improve generalization, we applied
data augmentation to the training dataset, and all the
distribution showed in Table I. Data augmentation was
applied only on the training model, and the techniques
include flip, rotate, zoom, and combination (combines
the three techniques to produce a broader range of data
variations).

B. Model implementation

The base model employed in this study is the VGG-
16 architecture, and data augmentation technique were
applied. Two variations of the model were developed by
adding data augmentation processes and modifying the
number of neurons in the first and second dense layers.
Model A maintains 4096 neurons in the first two dense
layers, as in the original VGG-16 architecture, showed in
Table Il and I11. This large number of neurons allows the
model to learn highly complex representations from the
data. Model Reduces the number of neurons to 128 in the
first dense layer and 64 in the second dense layer. This
reduction aims to decrease the model's complexity and
test whether a simpler model can achieve comparable or
better performance. The A model with fewer neurons
may be more efficient in terms of computation time and
memory and can help avoid overfitting by forcing the
model to learn more general representations. The output
layer is adjusted for the classification of four brain
tumour classes using the SoftMax activation function.
This adjustment allows the model to generate
probabilities for each class, which are then used to
determine the predicted class. This modification is
crucial for the model to correctly process the input and
produce relevant output for the multi-class classification
task.
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Fig. 1 Flow Diagram proposed model

TABLE |
DATASET DISTRIBUTION

Dataset Distribution 90:10

Dataset Distribution 70:30

Tumour Training Testing Training Testing
(after augmentation) (original dataset)  (after augmentation) (original dataset)

Glioma 826 101 659 282
Meningioma 822 115 655 268
Pituitary 827 74 638 263
Normal 395 105 333 167

Sub total 2870 395 2285 980

Total 3265 3265

C. Training process

The images are resized to 224x224 pixels with 3
colour channels (RGB) to meet the input requirements of
the VGG-16 architecture[20,21]. This size is selected as
it aligns with standard dimensions commonly used in
CNN architectures, enabling the model to effectively
capture important detail form the images. To enrich data
variation and improve the model's generalization ability,
several data augmentation techniques are applied. The
training processes for both Model A and Model B (Table
I will be conducted using each augmentation
technique as shown in Table IV.

Rotation: images are randomly rotated within a
certain range to add variation in the orientation of the
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images seen by the model. Flip: images are flipped
horizontally or wvertically to simulate positional
variations that may occur in real data. Zoom: images are
randomly zoomed to simulate variations in the distance
from which the images were taken. Combination:
combines the three techniques to produce a broader range
of data variations, which is expected to help the model
learn more robust representations. In this study, both
Model A and Model B use the same hyperparameter
settings to ensure that any differences in the results
between the two models can be accurately attributed to
architectural changes and data augmentation techniques.
The hyperparameters used in the model implementation
are as follows in the Table V. The Training process uses
the Adam optimizer with a learning rate of 102, This
optimizer was chosen for its ability to dynamically adjust
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the learning rate and its efficiency in achieving
convergence. The model is trained for 50 epochs with a
batch size of 32. The substantial number of epochs is
expected to help the model learn good representations
from the training data. The chosen batch size allows for
efficient memory usage during training while providing
enough updates for stable convergence.

D. Evaluation

Model performance was evaluated using metrics such
as accuracy, precision, recall, and F1-score [5,22]. These
metrics were chosen to provide a comprehensive
overview of the model's ability to accurately classify
brain tumour types. Experimental data were analysed to
identify significant trends and patterns, and to provide
insights into the impact of various hyperparameters on
model performance.

I11. RESULT AND DISCUSSION

The experimental results obtained using the VGG-16
model on the General model showed in Table VI,
indicate substantial improvements when different dataset
compositions are employed. As observed in Table VI, a
detailed analysis of the General model trained with the
original dataset (90:10) shows an accuracy of only 28%.
However, when using the new dataset composition
(70:30), the model's performance significantly improves,
achieving an accuracy of 98%. This demonstrates the
considerable impact of dataset composition on the
overall performance of the VGG-16 model in brain
tumour classification tasks.

14

TABLE Il

VGG-16 MODEL CONFIGURATION

Configures Model 16 Weight Layer (VGG-16)

Base Model Model A Model B
- Data Augmentation Data Augmentation
Input (224 X 224 RGB image)
Conv-64 3x3 Conv-64 3x3 (He uniform, L2)  Conv-64 3x3 (He uniform, L2)
Conv-64 3x3 Conv-64 3x3 (He uniform, L2)  Conv-64 3x3 (He uniform, L2)

Conv-128 3x3
Conv-128 3x3

Conv-256 3x3
Conv-256 3x3
Conv-256 3x3

Conv-512 3x3
Conv-512 3x3
Conv-512 3x3

Conv-512 3x3
Conv-512 3x3
Conv-512 3x3

MaxPooling
Conv-128 3x3 (He uniform, L2)
Conv-128 3x3 (He uniform, L2)
MaxPooling
Conv-256 3x3 (He uniform, L2)
Conv-256 3x3 (He uniform, L2)
Conv-256 3x3 (He uniform, L2)
MaxPooling
Conv-512 3x3 (He uniform, L2)
Conv-512 3x3 (He uniform, L2)
Conv-512 3x3 (He uniform, L2)
MaxPooling
Conv-512 3x3 (He uniform, L2)
Conv-512 3x3 (He uniform, L2)
Conv-512 3x3 (He uniform, L2)

Conv-128 3x3 (He uniform, L2)
Conv-128 3x3 (He uniform, L2)

Conv-256 3x3 (He uniform, L2)
Conv-256 3x3 (He uniform, L2)
Conv-256 3x3 (He uniform, L2)

Conv-512 3x3 (He uniform, L2)
Conv-512 3x3 (He uniform, L2)
Conv-512 3x3 (He uniform, L2)

Conv-512 3x3 (He uniform, L2)
Conv-512 3x3 (He uniform, L2)
Conv-512 3x3 (He uniform, L2)

MaxPooling
FC-4096 FC-4096 (He uniform, L2) FC-128 (He uniform, L2)
Dropout (0,2) Dropout (0,2)
FC-4096 FC-4096 (He uniform, L2) FC-64 (He uniform, L2)
Dropout (0,2) Dropout (0,2)
FC-4 FC-4 FC-4
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TABLE llI
NUMBER OF TRAINING PARAMETERS (IN MILLIONS)
Configuration General A B
Number of training 134 134 17

parameters

In the scenario test, where the original dataset is
composed of 90% training and 10% for testing data, the
model exhibits a higher risk of overfitting and
demonstrate limited learning effectiveness from the
training data. As shown in Fig. 2, accuracy does not
improve beyond the second epoch but rather fluctuates
due to the abundance of training data and the scarcity of
testing data. This situation can cause the model to
perform very well on the training data but poorly on new
data. By reducing the training data to 70% (Table I1I)
and increasing the testing data to 30%, the model can
mitigate overfitting, though fluctuations in the
validation loss still indicate the presence of overfitting
in the testing data, while also enhancing generalization
as seen in Fig. 3. To provide a visual representation of
the performance of the General model during the
training process, the following graph illustrates the
changes in accuracy and loss for both training and
validation data as the number of epochs increases. This
graph aims to aid in understanding how the model learns
from the training data and how well it generalizes to the
validation data.

A. Model A And B

Model A and Model B demonstrated good
performance during model training when using specific
hyperparameter settings. These models applied a dropout
rate of 0.2 on the first two dense layers, which helped
reduce overfitting by randomly ignoring 20% of the
neurons during training. Additionally, the models
implemented weight decay using L2 regularization with

a value of 5 x 10 (0.0005), which served to penalize
large weights and prevent the models from becoming
overly complex.

For weight initialization, these models adopted He
uniform initialization on each convolutional layer and
the first two dense layers. The optimizer used for training
was the Adam optimizer, with a learning rate set to 107,
During the training process, the learning rate was not
reduced because the models already showed good
performance on both training and testing data. Training
was conducted for 50 epochs, and with each epoch, the
models exhibited a trend of continuously improving
accuracy and decreasing loss or error. This indicated that
the models were able to effectively learn the patterns in
the training and testing data during the training process.
These settings proved to enhance the models' ability to
recognize important patterns and features from the
training data, resulting in better classification
performance. Our comparison model A dan B for
Original Dataset, as shown in Table VII.

Based on the results from Table VII, the experiments
and model analysis conducted, it was found that Model
B exhibited superior performance compared to Model A
in terms of accuracy. Model B achieved its highest
accuracy of 98% using the zoom augmentation technique
with a 90:10 dataset composition. In contrast, Model A
achieved its best accuracy with the rotation augmentation
technique, reaching 96% with the same 90:10 dataset
composition. Both models showed unsatisfactory
performance with the combination augmentation
technique, where Model A only achieved 77% accuracy
and Model B achieved 78% accuracy, both with a 90:10
dataset composition. Model B was more efficient in the
training process and achieved competitive results
compared to Model A, which had more parameters. The
zoom augmentation technique provided consistent
superior results for Model B compared to Model A
across both dataset compositions (Fig. 4 and 5).

TABLE I
IMPLEMENTATION OF AUGMENTATION IN THE MODEL

Dataset Data Augmentation
Composition Flip Rotate Zoom Combination
Original Model A and B Model Aand B Model Aand B Model A and B
New Model A and B Model AandB  Model Aand B Model A and B
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TABLE V
HYPERPARAMETER CONFIGURATION
Hyperparameter Used

Epoch 50

Batch size 32

Optimizer Adam

Learning rate 103

Activation Function ReLu

Loss function Categorical

Cross-Entropy
Output layer SoftMax
| om Training loss
— Validation loss
5 1o 20 30 40 0
Epochs

TABLE VI
GENERAL MODEL TRAINING RESULTS USING THE
ORIGINAL DATASET AND THE NEW DATASET

General Model

General Model

Evaluation Dataset (90:10)  Dataset (70:30)
Training 0.28 0.98
Accuracy
Validation 0.18 0.87
Accuracy
Training Loss 1.34 0.04
Validation Loss 1.44 1.14
Precision 0.03 0.87
Recall 0.18 0.87
F1 Score 0.05 0.87

0.30 4
0.28 4 M\LM f/\/ 1 /\
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>
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<
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L 11
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Fig. 2 Accuracy and loss of the general model with the original dataset composition (90:10) during the training process
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Fig. 3 Accuracy and loss of the general model with the new dataset composition (70:30) during the training process
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TABLE Il
TRAINING AND EVALUATION RESULTS OF MODEL A AND B USING THE ORIGINAL DATASET

) Model A (Original Dataset) 90:10 Model B (Original Dataset) 90:10

Evaluation _ _
Rotate  Flip  Zoom Combination | Rotate Flip Zoom  Combination
Training Accuracy 0.96 0.91 0.92 0.77 0.94 0.92 0.98 0.78
Validation Accuracy 0.68 0.62 0.69 0.41 0.69 0.62 0.71 0.42
Training Loss 3.59 3.81 3.02 4.00 1.30 1.42 0.86 1.16
Validation Loss 5.72 5.96 4.87 6.13 3.84 3.38 4.46 2.95
Precision 0.71 0.72 0.63 0.55 0.72 0.66 0.76 0.48
Recall 0.68 0.63 0.66 0.44 0.69 0.60 0.71 0.41
F1 Score 0.83 0.59 0.61 0.40 0.65 0.57 0.67 0.38
vor new dataset (augmentation) (70:30) helped reduce
Lo 0.96

0.94 091 092 0.92 m— Model A
Model B

Accuracy Train

0.0+

ROTATE FLIF Z00M COMBINATION

Fig. 4 Accuracy results of models a and b with the
original dataset composition of 90:10

The use of the new dataset with a 70:30 composition
provided overall better results compared to the original
90:10 dataset. This is evident from the decrease in loss
values and the increase in accuracy in both models. The

overfitting, as the models were able to learn better with
a more balanced proportion of training and validation
data. This is reflected in the training accuracy and loss
graphs for models A and B, where the validation loss and
accuracy were closer to the training loss and accuracy,
as shown in Table VIII. Additionally, the classification
evaluation results for both models A and B showed
higher and more consistent precision, recall, and F1
scores across all augmentation techniques compared to
the original dataset composition (90:10). As a limitation,
this study employs a stratified hold-out split rather than
K-fold cross validation. This choice was made to
maintain a fixed data distribution for a controlled
comparison of augmentation and hyperparameter
configurations. Future work will incorporate K-fold
cross validation or repeated stratified experiment to
provide more robust generalization estimates across
diverse data partitions.

TABLE VIII
TRAINING AND EVALUATION RESULTS OF MODEL A AND B USING THE NEW DATASET
) Model A New Dataset 70:30 Model B New Dataset 70:30
Evaluation _ _ —
Rotation  Flip ~ Zoom  Combination | Rotation  Flip Zoom  Combination
Training 0.94 0.88 0.90 0.61
Accuracy 0.95 0.88 0.96 0.76
Validation 0.86 0.83 0.82 0.60
Accuracy 0.86 0.81 0.86 0.73
Training Loss 3.80 4.10 3.62 5.45 1.69 1.58 1.50 1.81
\L/alidation 4.06 4.25 3.94 5.49 2.02 1.78 1.86 1.87
0ss

Precision 0.86 0.82 0.82 0.59 0.87 0.82 0.88 0.75
Recall 0.87 0.82 0.82 0.58 0.87 0.80 0.87 0.74
F1 Score 0.86 0.82 0.81 0.58 0.87 0.80 0.87 0.74

Classification Brain Tumor ... [ Ayu, P.D.W., etal., 11 — 23

17




0.96
- = Model A

080 Model B

084

o
o

Accuracy Train
o
=

021

00

Z00M COMBINATION

ROTATE

FLIP

Fig. 5 Accuracy results of models a and b with the new
dataset composition of 70:30

Model A demonstrates the performance of a four-
class classifier (glioma, meningioma, pituitary tumour,
and normal) evaluated on a 90:10 test split comprising
395 samples. The model correctly classifies 269 cases,
resulting in an overall accuracy of approximately 68.1%.
Class-wise recall is relatively uniform but moderate:
glioma achieves 68/101 (0.67), meningioma 81/115
(0.70; the highest), pituitary 48/74 (0.65; the lowest), and
normal 72/105 (0.69), indicating the absence of severe
class bias but also suggesting limited discriminative
learning across categories. Precision exhibits a
comparable trend: glioma attains 68/97 (0.70),
meningioma 81/112 (0.72; the highest), pituitary 48/78
(0.62; the lowest), and normal 72/108 (0.67), implying
that pituitary predictions are the least reliable and are
frequently contaminated by other classes. The most
prominent error for glioma is misclassification as normal
(15 cases), which may reflect subtle or low-contrast
tumour features resembling healthy tissue. Meningioma
is primarily confused with normal (14 cases) and
pituitary (11 cases), suggesting overlap in appearance or
indistinct lesion boundaries. Pituitary tumours are often
misidentified as meningioma (10 cases) and glioma (9
cases), highlighting shared structural or textural
characteristics among tumour types. Normal images are
misclassified across all tumour categories (11 glioma, 12
meningioma, and 10 pituitary), indicating that normal
anatomical variations may be erroneously interpreted as
pathological patterns. Overall, the misclassifications are
distributed across classes rather than concentrated in a
single category, suggesting that the main limitation
arises  from inter-class  similarity, potentially
compounded by class imbalance (hormal samples remain
fewer than each tumour class even after augmentation)
and intrinsic visual overlap in MRI tumour morphology.
The confusion matrix and ROC curves model A are
presented in Fig. 6.
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Model B demonstrates strong discriminatory
performance with an overall accuracy of 86.1 percent,
corresponding to 844 correct predictions out of 980 test
samples. The diagonal elements dominate, indicating
that most instances are correctly assigned across all
tumour categories and the normal class. Class wise
sensitivity or recall is high and well balanced. Glioma
achieves 83.7 percent with 236 correctly identified out
of 282 samples. Meningioma reaches 88.1 percent with
236 out of 268. Pituitary attains 84.4 percent with 222
out of 263. Normal is the highest at 89.8 percent with
150 out of 167. These results indicate effective detection
of both pathological and non-pathological cases, with
particularly robust recognition of meningioma and
normal images. Precision values confirm reliable
positive predictions for tumour classes. Glioma
precision is 88.7 percent based on 236 correct glioma
predictions among 266 predicted glioma cases.
Meningioma precision is 86.4 percent from 236 correct
among 273 predicted meningioma cases. Pituitary
precision is 87.7 percent from 222 correct among 253
predicted pituitary cases. Normal precision is lower at
79.8 percent, reflecting 150 correct normal predictions
among 188 predicted normal cases. This reduction in
normal precision suggests that the model tends to over
assign the normal label relative to its true frequency.
Despite this, the F1 scores remain consistently high,
namely 86.1 percent for glioma, 87.2 percent for
meningioma, 86.0 percent for pituitary, and 84.5 percent
for normal, indicating a stable trade-off between
precision and recall. The distribution of errors reveals
clinically plausible inter class overlap among tumour
subtypes. Glioma is most often confused with
meningioma and pituitary, with 16 cases each,
suggesting shared imaging characteristics. Meningioma
errors are fewer and mainly shift to pituitary with 12
cases, and to glioma or normal with 10 cases each.
Pituitary misclassifications are spread across glioma
with 15 cases, meningioma with 12 cases, and normal
with 14 cases. Importantly, confusion between tumour
and normal categories is limited. Only 38 tumour cases
are predicted as normal in total, while only 17 normal
cases are predicted as tumours. This indicates that the
model maintains strong separation between abnormal
and normal brain MRI, and that remaining errors
predominantly reflect similarity among tumour types
rather than ambiguity between tumours and normal
tissue. The confusion matrix and ROC curves model B
are presented in Fig. 7.
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Fig. 6 (a) Confusion matrix and (b) ROC curve of model B

IV. CONCLUSION

The training and evaluation outcomes of Model A and
B, across both 90:10 and 70:30 dataset splits, indicates
that the zoom augmentation technique consistently
yields the highest performance for both models. Model
A, with zoom augmentation and a 90:10 dataset
composition, achieved a training accuracy of 92% and a
test accuracy of 69%, while with a 70:30 dataset
composition, it reached a training accuracy of 90% and a
test accuracy of 82%. Model B also showed good
performance with zoom augmentation, achieving a test
accuracy of 98% with the 90:10 dataset and 96% with the
70:30 dataset. Zoom augmentation is more consistent
with the real clinical variability present in brain MRI,
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especially changes in tumour size, local field-of-view,
and slight difference in positioning between scans. By
slightly zooming in and out, the model learns to be more
robust to variations in lesion scale and coverage of the
brain region, which enhances its ability to localise and
classify tumour of different size. In contrast, the
combination augmentation technique yielded the worst
results for both models and dataset compositions, with
test accuracies as low as 78% for Model B with the 90:10
dataset and 61% for Model A with the 70:30 dataset, and
it demonstrated highly unstable loss values. In
conclusion, zoom augmentation is the best choice to
enhance model performance in brain tumour
classification, particularly with the 70:30 dataset
composition, with hyperparameter configuration in
Table V, which shows better generalization parameter
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evaluation. On the other hand, the combination
augmentation technique should be avoided as it tends to
degrade model accuracy and stability. However, this
study has a several limitations, the experiment was
conducted using a single stratified hold-out split of the
augmented dataset, without K-fold cross-validation or
external validation on independent cohorts, which may
limit the generalisability of the reported performance.
Future work will address these limitations by
incorporating K-fold cross-validation and repeated
experimental runs, as well as external validation on
multi-centre  datasets to obtain more robust
generalisation estimates. In addition, extending the
comparison to other modern architectures such as
ResNet, DenseNet, Efficient Net, and ensemble methods
may further improve predictive performance.
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