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ABSTRACT

The accelerated pace of contemporary life has led to a notable increase in cancer in-
cidence, which poses a significant challenge in the field of oncology. This study introduces
an innovative approach to brain tumor detection by employing fine-tuned pre-trained models
with sparse data and comparing their performance to that of traditional convolutional neural
networks (CNNs). The study addresses the challenge of limited medical imaging datasets
in oncology, a discipline experiencing heightened demand due to rising cancer rates. By
utilizing transfer learning techniques, the proposed method seeks to alleviate the overfit-
ting issues that are commonly encountered. Fine-tuned models developed from pre-trained
networks exposed to millions of diverse images have been adapted for tumor classification
tasks by incorporating max-pooling and dense layers. A comparative analysis revealed that
these refined models achieved superior accuracy, exceeding 90 percent even with limited
data, thereby outperforming the conventional CNNs. This study evaluated the model per-
formance using various metrics, including accuracy and precision, and demonstrated the ef-
ficacy of transfer learning in enhancing brain tumor detection capabilities. This approach
holds promise for improving diagnostic tools in oncology, particularly in scenarios in which
large-scale medical imaging datasets are unavailable.
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1. Introduction

Brain tumor(BT) detection remains a
critical challenge in medical imaging, with
increasing prevalence and mortality rates
across all age groups.[1] Magnetic reso-
nance imaging (MRI) is the most effective
technique for detecting BT. Approximately
120 different types of tumors have been
recorded thus far, appearing in various sizes
and shapes, making it more difficult to iden-
tify them accurately [2, 3].

Recent advances in machine learn-
ing (ML) and neural networks (NN) have
opened up new possibilities for automated
tumor diagnosis and segmentation. Deep
learning (DL) models, particularly con-
volutional neural networks (CNNs), have
shown exceptional feature learning capa-
bilities and offer improved precision com-
pared with traditional artificial intelligence
methods [4]. However, leveraging DL for
tumor diagnosis presents challenges, in-
cluding the acquisition of high-quality an-
notated data, diversity in patient popula-
tions and tumor types, sparse data, overfit-
ting, and the complex nature of DL models
[5]. Patient privacy must be carefully mon-
itored, and stringent privacy regulations of-
ten hinder the sharing and utilization of
diverse and well-annotated datasets.In the
presence of limited data, DL models may
struggle to comprehend the full spectrum of
tumor heterogeneity [6, 7].

Transfer learning (TL) has emerged
as a valuable technique for addressing these
challenges, enabling the efficient reuse of
learned representations and reducing the
data and computational resources required
for training. Several studies have demon-
strated the effectiveness of TL in BT classi-
fication, achieving high accuracy using pre-
trained models such as VGG16, VGG19,
and ResNet50[8]. This study utilized nine
pre-trained models for BT classification and
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achieved an accuracy of > 90 percent us-
ing TL[9]. This paper [10] employed three
pre-trained models for BT classification and
attained a maximum accuracy of above 90
percent using the fine-tuned VGG16 net-
work. In this study, [11] used a CNN to de-
velop a technique to categorize glioma BT
MR images. This method accurately classi-
fies glioma tumors and categorizes several
glioma grades and two other common tumor
types. Ituses a pre-trained CNN to differen-
tiate between normal and abnormal BT MRI
images [12].

This study introduced an innovative
approach for detecting and classifying brain
tumors using transfer learning methods.
This study focuses on the following:

* Performance analysis of different
data augmentation techniques to ad-
dress data scarcity challenges.

» Comparison of different fine-tuned
pre-trained models and CNN in
sparse data settings based on various
evaluation metrics.

* The impact of different k-fold cross-
validations on various transfer learn-
ing models was assessed.

» Conduct ablation studies on different
data sizes to analyze the impact of
sparse data on the output.

The proposed method extracts essen-
tial features from a standard dataset to im-
prove classification accuracy. We evalu-
ated the performance of four distinct deep
learning models: selectively tuned VGG16,
VGG19, ResNet50, and custom CNN. Sec-
tion 2 includes dataset preparations, aug-
mentation techniques, pre-trained model ar-
chitecture, fine-tuning of TL models, k-fold
validation, and the proposed architecture to
automate binary tumor classification with a
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limited dataset. Section 3 includes a com-
parison of TL models with CNN based on
accuracy, classification report, and confu-
sion matrix, an ablation study of different
augmentation techniques, an evaluation of
optimal data size, and an ablation study of
k-fold cross-validation. Section 4 presents
conclusions and future enhancements.

2. Methods

This research focuses on improving
the precision of brain MRI image clas-
sification using DL and TL methodolo-
gies. TL facilitates the application of
knowledge from pre-trained models to new
tasks, which is particularly advantageous
in medical imaging because of the scarcity
of labeled data. The proposed frame-
work, depicted in Fig. 1, combines the
capabilities of pre-trained CNNs, such as
VGG16, VGG19, and ResNet50, which
have been specifically fine-tuned for clas-
sifying brain tumors. In our method, pre-
trained CNN models were employed owing
to their strong feature extraction abilities.
These models were adjusted to the current
classification task through layer fine-tuning
and the addition of dense layers. The final
classification was achieved using a softmax
layer to categorize the images as either tu-
mor or no tumor. The classification process
includes crucial steps, such as image de-
noising, data augmentation, train-test split-
ting, and feature extraction. Each step was
designed to enhance the learning capacity
of the model and ensure high prediction ac-
curacy. Following the global average pool-
ing layer in the CNN backbones, two fully
connected dense layers with 1024 neurons
and ReLU activation functions were added.
A further dense layer with 512 neurons and
ReLU was included before the final output
layer, which had two neurons correspond-
ing to the binary classes activated using the
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softmax function.
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Fig. 1. Proposed Architecture.

2.1 Experimental Dataset
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Fig. 2. experimental dataset.

The experimental dataset, sourced
from Kaggle, consisted of 198 brain MRI
images divided into two categories: Yes”
(indicating the presence of a tumor) and
”No” (indicating the absence of a tumor),
with each category containing 99 images.
Fig. 2 shows a sample of malignant images.
These images were annotated to support su-
pervised learning in brain tumor classifica-
tion tasks. The limited size of the dataset
highlights the necessity for data augmenta-
tion and TL to develop an effective model.
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2.2 Data preprocessing

Fig. 3. Before preprocessing(278,236,3).

@&

Fig. 4. Afterpreprocessing(224,224,3).

The labels were derived from the file-
names, with Y’ representing Yes and N’
representing No. These categorical labels
were then transformed into numerical forms
(0 and 1) through label encoding, followed
by one-hot encoding to create binary vec-
tors suitable for training.Fig. 3 and Fig. 4
presents the image before and after resizing
and normalization. A train-test split was ex-
ecuted, reserving 33 percent of the data for
testing with a random seed applied to ensure
reproducibility. This division allowed for a
thorough evaluation of the model using new
data. The final dataset shape was confirmed
to be (224, 224, 3), indicating the presence
of RGB color channels.

2.3 Data augmentation

Learning a relationship with a small
set of data leads to overfitting. It is ex-
pensive to obtain medical data with anno-
tations, and it is challenging to develop an
accurate deep learning model with sparse
data. Several augmentation techniques,
such as rotation, have been used. The
data volume increased with the use of these
methods.

During training, we integrated a thor-
ough data augmentation pathway to im-
prove the model generalization and reduce
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overfitting[15]. Augmentations were ap-
plied dynamically using Keras’ ImageData-
Generator, along with custom preprocess-
ing transformations. These included ran-
dom rotations (+15°) to simulate variations
in patient head positioning, horizontal and
vertical flips to introduce orientation in-
variance, and zooming (range: 0.9-1.1)
to mimic changes in tumor size. Addi-
tionally, shear transformations were used
to slightly distort the shape of the images
and model potential noise in clinical scenar-
i0s, whereas contrast adjustments were em-
ployed to replicate variations in MRI acqui-
sition settings. These augmentations were
strictly limited to the training set to maintain
consistency in the evaluation of the valida-
tion and test performance. The augmented
dataset was then used to fine-tune the pre-
trained convolutional neural networks such
as VGG16 and ResNet50 for BT classifica-
tion.

2.4 Architecture

CNN models VGG16, VGG19, and
ResNet50 were selected for image classi-
fication. These models accept the input
shapes of (224, 224, 3), which is consis-
tent with the resized dataset. The original
fully connected top layers of the pre-trained
models were excluded and customized lay-
ers were added for binary classification.

2.4.1 Pre-trained Models

The VGG16, VGG19, and ResNet50
models were used, with weights transferred
to avoid training from scratch. Some parts
remained unchanged, whereas the other lay-
ers built the model. The model contains
dense layers for predictions, max-pooling
layers to reduce data, and convolutional
layers to identify features. Feature maps
were converted into one-dimensional vec-
tors before entering the fully connected lay-
ers. Both 2D and 3D feature maps were
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flattened for the feedforward neural net-
works. Fig.5 shows that the CNNs use

cross-entropy loss to measure the differ-
ences between the expected and actual re-
sults.
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VGG16 is a deep convolutional neu-
ral network architecture that has achieved
state-of-the-art performance on various vi-
sual recognition benchmarks.Fig. 6 shows
13 convolutional layers with a small recep-
tive field (3x3) and max-pooling layers to
minimize computational effort. VGG16 has
sixteen weight layers, 13 convolutional lay-
ers, and three fully connected layers. It uses
tiny 3 x 3 convolutional filters to extract
finer details from input photos, making it
efficient for image recognition tasks. The
network terminates with three fully con-
nected layers and a classification-focused
softmaxlayer [13].
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Fig. 6. VGG16.

The VGG19 model in Fig.7 is loaded
with imagenet weights and configured to
exclude its top layers, which are typi-
cally designed for broader image classi-
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fication tasks VGGI19 is an extension of
VGG16[13].
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Fig. 7. VGG19.

ResNet50 is a deep convolutional
neural network architecture shown in Fig.
8 that is designed to address the vanishing
gradient problem and make it easier to train
very deep neural networks. Residual blocks
work by adding shortcut connections that
allow the network to learn the residual in-
formation [14].

ResNet50 Model Architecture
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Fig. 8. RESNETS50.

These three TL models were used as
base models, and the layers were fine-tuned
to adapt to the tumor classification task.

2.4.2 Fine-tuning of pre-trained
Models

A downsampling layer lowers the
spatial dimensions of the feature maps pro-
duced by the convolutional layers, thereby
reducing the computational load and aiding
the ability of the network to concentrate on
more crucial features. A nonlinear proce-
dure called MaxPooling chooses the largest
value from a set of values within the input
feature map, typically from a small rectan-
gular region. The selected maximum val-
ues from each window create a downsam-
pled version of the original feature map, and
these values are organized into an output
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feature map. The dimensions of this out-
put feature map are typically reduced com-
pared with those of the input feature map.
The max-pooling operation is mathemati-
cally represented as follows:

Input Feature Map: Assume that we
have a 2D matrix comprising dimensions,
referring Eq. (2.1)

[Hx W], @2.1)

where H denotes the height of the feature
map, and W is the width.

Output Feature Map: A feature map
that has been down-sampled with dimen-
sions, referring to the Eq. (2.2)

() ()

is the outcome of MaxPooling; for a given
height, K is used, and for a given width,
W/K. Referring Eq.(2.3).

(2.2)

(Output(i, j) =max(Input(i X K : (ix
K+K),jx K:(jx

K +K)))). (2.3)

Output (7, j) is the value at the ith
row and jth column of the output feature
map, and input (i X k: (i X k+k),j X k:
(j X k+k)) represents the region within the
input feature map defined by the i-th and j-
th windows.

Dense layers are a fundamental part
of artificial neural networks that connect
and process information across all neurons
in a given layer. A dense layer has three
components: an input vector, a weight ma-
trix, and a bias vector. The input vector,
which is a 1D array of N dimensions, repre-
sents the input features or the activation of
the previous layer. The weight matrix, W,
has dimensions of (M, N), connecting ev-
ery neuron in the previous layer to each neu-
ron in the current layer. The bias vector B
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has the dimensions of M. Specialized neu-
ral networks can be built by replacing the
fully connected top layers of the TL mod-
els and fine-tuning them. Linear activa-
tion in two dense layers with a size of 1024
is performed after a global average pool-
ing layer that shrinks the size of the feature
maps. A final dense layer with 512 neu-
rons generalizes the prediction. All layers
were fully connected. Max-pooling reduces
the feature map size by selecting the max-
imum value for each local region. Mathe-
matically, it can be expressed as referring
to Eq. (2.4)

2.4)

Y;j = max (Xis2m, j+2n))-
(m,n)
Y;; is the output at positions (i, j) & (x; +
2m, j + 2n) represents the input data in
the local region. After each convolu-
tional layer, the activation function, us-
ing Eq. (2.5), typically a Rectified Linear
Unit (ReLU), is applied element-wise. The
ReLU function is defined as
f(x) =max(0,x). 2.5)
In binary classification problems, the
output layer is defined by two number
classes: tumor and non-tumor. This prob-
lem was solved using the softmax activation
function, which computes the probability
distribution over multiple classes. The soft-
max function can be defined by Eq. (2.6)
Yi

e
Softmax(yi) = w—--
j=1¢7

(2.6)
Pro(Y; = y;) is the probability of
class i, and y; is the score of the logit for
class i.
Fine-tuning of the pre-trained models
will freeze the base layers and add top layers
to adapt the model to our problem.
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2.5 Hyperparameter tuning

To improve the performance of the
brain tumor classification model using se-
lective fine-tuning, a structured hyperpa-
rameter optimization strategy was imple-
mented through a Grid Search. Grid Search
provides an exhaustive and interpretable
method for exploring multiple combina-
tions of hyperparameters, making it partic-
ularly effective for small-scale datasets of-
ten encountered in medical imaging tasks.
The Configuring Grid Search parameters
that are essential to the performance of the
refined models were included in the hyper-
parameter search space[16, 17]. The fol-
lowing hyperparameters were considered:
learning rates of 0.01, 0.001, and 0.0001.
The sizes of the batches were 16 and 32.
The Dropout are 0.3 and 0.5. The optimiz-
ers used were Adam and Stochastic gradi-
ent descent optimizers. There were 20 and
30 epochs. The adjusted layers are the last
dense layer only, last convolutional block,
and dense layer. Stratified 5-fold cross-
validation was used to assess each combi-
nation to guarantee a small dataset.The av-
erage validation accuracy across all folds
served as the main evaluation metric for
choosing hyperparameters.We used early
stopping with a 5-epoch patience to prevent
overfitting.

3. Results and Discussion
3.1 Performance evaluation of different
TL models

3.1.1 Accuracy

In this study, DL techniques were
used to accurately classify BT types as be-
nign or malignant. To increase the ac-
curacy with sparse data, the system was
trained using selectively fine-tuned pre-
trained networks, such as VGG16, VGG19,
and ResNet50. The softmax layers of the
pre-trained networks were used to iden-
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tify images that were malignant or benign.
The CNN base was used to train the sparse
dataset, resulting in a high accuracy during
training and a decrease in performance dur-
ing validation. This illustrates the overfit-
ting problem in a typical network when us-
ing a small amount of data. We tuned our
model using max-pooling and dense layers.
The refined pre-trained network architec-
ture that has been proposed performs better
during the training and validation phases.
A comparison chart of the typical train-
ing and validation accuracies of the normal
CNN and fine-tuned architecture for differ-
ent pre-trained models is displayed in Table
1. The training and test accuracies are pro-
vided.

Table 1. Accuracy comparison of TL models.

Model training accuracy[%]  test accuracy[%]
CNN 0.86 0.71
VGG16 0.92 0.86
VGG19 0.89 0.88
ResNet50 0.90 0.90

The VGG16 accuracy was 92 percent
of that of the fine-tuned pre-trained models.
The training accuracy of the CNN model
was 0.86, whereas its validation accuracy
was 0.71, indicating potential overfitting.
In the case of the CNN model, the signifi-
cant disparity between the training and val-
idation accuracies (0.86 vs. 0.71) indicates
that the model may have memorized the
training data to the extent that it struggles to
perform well on new, unseen data, as shown
in Fig. 9.



D. AB and V. Paul | Science & Technology Asia | Vol.30 No.2 April - June 2025

Fig. 9. Accuracyplot.

3.1.2 Confusion matrix

A confusion matrix is frequently
used to depict the system accuracy for a
given test dataset with known values. Fig.
9 displays a confusion matrix that summa-
rizes the performance of the system in the
classification of brain tumors. The x-axis
of the matrix represents the target class and
the y-axis represents the output class. This
information can be used to identify areas in
which the system performs well and where
improvement is needed, ultimately leading
to a more accurate and reliable classifica-
tion system[ 18, 19].

The confusion matrices of various
deep neural networks are compared in
Fig.10. Eleven false-positive classifica-
tions in CNN networks occurred, along with
other fine-tuned transfer-learning models,
with seven false-positive cases and one
false-negative case. The confusion matrices
of all four models (VGG16, VGG19, CNN,
and ResNet50) revealed varying distribu-
tions of the classification errors. Notably,
VGG16 and ResNet50 exhibited fewer false
negatives than the CNN baseline, indicat-
ing better sensitivity for identifying tumor-
positive cases. False negatives are critical
in medical diagnosis as they may result in
missed tumors. For example, VGG19 mis-
classified 5 tumor-positive cases as nega-
tive, whereas ResNet50 reduced this to 3.
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Fig. 10. confusion matrix.

By applying Grad-CAM, we ob-
served that CNNs often focus on irrelevant
regions during incorrect classifications. In
contrast, ResNet50 more consistently at-
tended to central tumor areas, suggesting
better feature localization. This indicated
that deeper networks with residual connec-
tions could learn more relevant spatial rep-
resentations.

3.1.3 Classification report

The classification report in Table 2
shows various metrics such as precision, re-
call,F1 score, and support. The CNN model
had the lowest precision, whereas the tuned
VGG16, VGG19, and aResNet50 exhibited
the best prediction accuracy. Precision:
Among all the models, tuned Vggl6 had
the highest precision (0.93), which suggests
that it is highly accurate in predicting brain
tumors when it identifies a positive class.
Both the tuned VGG19 and ResNet50 mod-
els have the same precision (0.88), implying
that they are equally effective in identifying
positive cases. However, the CNN model
had the lowest precision (0.76), indicating
that it may have a higher rate of false posi-
tives than the other models.
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Table 2. Classification report.

Model Precision  Recall ~ F1 Score  Support
CNN 0.76 0.76 0.76 51
VGG16 0.93 0.82 0.87 51
VGG19 0.88 0.98 0.93 51
ResNet50 0.88 0.98 0.93 51

Recall: The recall metric evaluates
how well a model can accurately detect all
relevant instances. Among tuned VGG19
and ResNet50, both models show a high
sensitivity to positive cases with a recall
score of 0.98. However, tuned VGG16 has
a slightly lower recall score of 0.82, which
suggests that it may miss some positive in-
stances compared with tuned VGGI19 and
ResNet50.In contrast, the CNN model had
a recall score of 0.76, which aligns with its
precision score and implies a balance be-
tween true positives and false negatives.

F1 Score: The performance of a
model was evaluated using the F1 score,
which is a balanced metric of precision and
recall based on the harmonic mean. The
Flscore of Tuned VGG16, VGGI19, and
ResNet50 was 0.93, indicating that preci-
sion and recall were balanced in these mod-
els. In contrast, the CNN model has an F1
score of 0.76, which is the lowest among all
models. This reflects the tradeoff between
precision and recall, which is evident in the
individual metrics of the CNN model.

Support. In this particular dataset,
each class had an equal support value of 51,
indicating consistency in the dataset size for
each class. This means that the analysis is
based on an equal number of instances for
each class, which helps ensure that the re-
sults are not skewed in favor of any partic-
ular class.

3.2 Ablation studies

3.2.1 Ablation study on augmenta-
tion

The different augmentation tech-
niques were evaluated based on the model
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evaluation metrics shown in Fig. 11. Com-
bined augmentation provided better results
than no augmentation did.

Effect of Data Augmentation on Accuracy

ccuracy (%)

Baseline Al(Rotation + Flip)  A2(AL + Zoom + Shea(f2 + Contrast Adjustment)

Fig. 11. Ablation study augmentation.

3.2.2 Ablation study on k cross val-
idation

Evaluating model performance using
a reliable validation strategy is essential,
particularly in medical imaging tasks, such
as brain tumor classification, where data are
often limited and class distributions may be
imbalanced[20]. In this study,we compared
the traditional train-test split validation with
k-fold cross-validation to understand their
impact on model robustness and generaliz-
ability. The train-test split approach, with
a commonly used ratio of 70:30, provides a
simple and computationally efficient means
of performance evaluation. However, this
method is highly sensitive to the specific
partitioning of data, which can lead to vari-
ability in performance metrics, particularly
in datasets that are small or exhibit class im-
balance.

Metrics Across C lidation Strategies

Fig. 12. Ablation cross validation.
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In contrast, the k-fold -cross-
validation in Fig. 12 offers a more robust
and statistically reliable alternative by
systematically dividing the dataset into k
subsets and iteratively using each fold for
validation while training on the remaining
folds. This procedure mitigates the risk
of biased evaluation by ensuring that each
sample contributes to both training and
validation. The empirical results from
this study demonstrated that 5-fold cross-
validation improved the classification
accuracy to 91.2 percent, whereas 10-fold
cross-validation provided a slight further
enhancement, achieving 91.8 percent
accuracy. Among the strategies evaluated,
stratified 5-fold cross-validation yielded the
most consistent and superior performance,
with an accuracy of 92.6 percent, owing to
its ability to maintain the class distribution
across folds. These findings underscore
the importance of selecting appropriate
validation techniques, particularly in the
context of medical imaging tasks that
involve limited and imbalanced datasets.

3.2.3 Ablation study on finetuned
models

A comparison of the base model and
fine-tuned models is shown in Fig. 13, and
the base layers of the TL model were fine-
tuned by adding max pooling and dense lay-
ers.

Validation Accuracy Comparison of Base vs Fine-tuned Models

Fig. 13. Ablation fine-tuned models.
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3.2.4 Ablation study on dataset

Deep learning models are highly
data-dependent, and their generalization
ability often scales with the volume and di-
versity of the training samples. In medical
imaging, acquiring large annotated datasets
is challenging because of privacy concerns,
expert labeling requirements, and class im-
balance. To explore the minimum data
requirements for an effective model per-
formance in brain tumor classification, we
conducted a series of controlled experi-
ments using incremental data subsets. We
trained the selected architectures (VGG16,
ResNet50, and a custom CNN) using pro-
gressively larger portions of the training set
(10, 25, 50, 75, and 100 percent) while
keeping the validation and test sets fixed.
Performance was measured in terms of ac-
curacy, F1-score, and loss across each sub-
set.In Fig. 14, the results, visualized as a
learning curve, indicated that at less than 25
percent of the training data, all models un-
derfit, with accuracy below 80 percent and
high variance. At 50 percent, the models
began to stabilize with consistent validation
accuracy of > 88 percent in CNN and > 90
percent in VGG16/ResNet50.Full dataset
usage led to marginal improvements (1-2
percent) but significant stability in conver-
gence and reduced overfitting.

3.2.5 hyperparameter tuning of the
proposed architecture

The ideal configuration was obtained
with a learning rate of 0.000132 and
dropout rate of 0.5. We chose Adam as the
optimizer, and 30 epochs were used. The
final convolutional block+ Dense Layer
was selected as the fine-tuning approach.
The average performance indicators for all
cross-validation folds were above 90 per-
cent above.



D. AB and V. Paul | Science & Technology Asia | Vol.30 No.2 April - June 2025

Training | Number | Model Accuracy | F1- Loss

Data of (%) Score

Used Samples (%)

(%)

10% 200 CNN 74.6 728 |0.84
VGG16 78.1 764 |0.72
ResNet50 | 80.3 79.5 |0.66

25% 500 CNN 82.2 80.5 | 0.52
VGG16 86.7 85.0 | 0.42
ResNet50 | 88.4 87.1 | 0.39

50% 1000 CNN 88.1 86.7 | 0.31
VGG16 90.3 89.2 | 0.26
ResNet50 | 91.1 90.3 | 0.22

75% 1500 CNN 89.4 88.1 |0.28
VGG16 91.5 90.5 | 0.20
ResNet50 | 92.1 916 |0.18

100% 2000 CNN 90.1 89.4 |0.22
VGG16 92.2 913 |0.16
ResNet50 | 92.6 921 |0.14

Fig. 14. Comparison of different datasize.

3.3 Discussion

The fine-tuned VGG16 model con-
sistently outperformed the other models in
terms of precision and other evaluation met-
rics, indicating that it is highly accurate in
predicting positive cases. In contrast, the
tuned VGG19 and ResNet50 models exhib-
ited similar levels of effectiveness in detect-
ing positive instances. When evaluating the
models based on metrics such as precision
and F1 score, it was observed that the per-
formance of the tuned CNN model lagged
behind that of our proposed architecture, in-
dicating a lower overall performance of the
model. In contrast, as shown in Fig. 15,
the tuned VGG16, VGG19, and ResNet50
models demonstrated a more balanced per-
formance, with training and validation ac-
curacies that were closer in magnitude. For
instance, the tuned VGG16 model exhib-
ited a training accuracyof 0.92 and a test
accuracy of 0.86, indicating better general-
ization to new data compared to the CNN
model.
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Fig. 15. The tuned VGG16, VGG19, and
ResNet50 models.

The results from the CNN model un-
derscore the importance of addressing over-
fitting in neural-network architectures. Our
proposed architecture can be improved us-
ing regularization, data generation, and tun-
ing. In summary, although the CNN model
exhibited a relatively high training accu-
racy, its lower validation accuracy indicated
susceptibility to overfitting. The compari-
son with VGG16, VGG19, and ResNet50
highlights the significance of developing
models that not only perform well on train-
ing data but also generalize effectively to
new and unseen datasets.

4. Conclusion

This study addressed overfitting in
sparse datasets, which often results in a sub-
optimal validation performance. It explores
the efficacy of transfer learning models by
comparing architectures, such as VGG and
ResNet. The results show that transfer
learning models can significantly enhance
the sparse data performance, thereby mit-
igating overfitting. The model evaluation
used comprehensive metrics including a
confusion matrix and other measures. This
provides an understanding of the training
and testing accuracy differences for CNN
and how fine-tuned pre-trained models per-
form on sparse data. Overfitting problems
can be avoided by using strategies such as
data augmentation, hyperparameter tuning,
and generative adversarial networks, and
there are ways to make research more useful
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in healthcare. First, hospitals can use classi-
fication models to help radiologists quickly
analyze images. Second, creating easy-to-
use Al tools with visual aids helps to build
trust in Al decisions. Third, using simple
models on devices can speed up diagnosis in
places with fewer resources. Testing these
models in different hospitals showed that
they work well with various MRI machines
and patients. Finally, federated learning
allows hospitals to improve models while
keeping patient data private, speeding up Al
use in healthcare.
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