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Abstract
Brain tumors are a critical and challenging
health issue worldwide, and they often reduce
patient survival if they are not identified at an
early stage. This study presents an automatic
approach to identify and classify brain tumor
magnetic resonance imaging (MRI) scans using
several pre-trained deep learning frameworks
and compares their relative performance. Four
popular frameworks, namely VGG16, Xception,
ResNet50, and MobileNetV1, were fine-tuned
with a transfer learning technique on 2870 brain
tumor MRI training images to predict four classes
(glioma, meningioma, pituitary tumor, and no
tumor). A quantitative comparison among all
applied frameworks was performed using accuracy,
precision, recall, and F1-score. On the held-out test
set, VGG16 achieved the highest accuracy (70.1%),
followed by Xception (63.7%), MobileNetV1
(53.3%), and ResNet50 (50.8%). The results
indicate that VGG16 and Xception outperform the
other two frameworks under the same transfer
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learning setting, while all models show low recall
for the glioma class. The study provides a baseline
comparison of pre-trained frameworks for brain
tumor MRI classification and outlines directions for
future research.
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1 Introduction
Brain tumors represent a major global health burden,
with tens of thousands of new cases diagnosed
each year [1]. The brain monitors and controls
various body functions, such as imagination, verbal
communication, memory, and the movement of
body parts. Uncontrolled growth of brain cells can
change a person’s personality and brain functions,
and such unusual symptoms may indicate the
presence of a brain tumor [2]. Brain tumors are a
significant cause of cancer-related death worldwide,
and timely identification is necessary for effective
treatment. Brain tumors are generally divided into
two categories: benign and malignant [3]. Benign
tumors are non-cancerous, whereas malignant tumors
are cancerous.
Benign tumors develop slowly. Meningioma is a
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common example of a mostly benign tumor and
accounts for roughly one-third of primary brain
tumors. In most cases, benign tumors are curable
with surgery, but in some cases they can progress to
premalignant and then malignant forms. Malignant
tumors grow rapidly, are very dangerous, and can
be fatal. The main aim of medical professionals
is to detect tumors at an early stage, because early
detection can improve the survival rate and reduce
mortality. Magnetic resonance imaging (MRI) is
one of the most popular and reliable techniques
used in the diagnosis of brain tumors [4]. MRI
provides high-resolution images of human organs
that support treatment planning, and various brain
abnormalities can be identified accurately using MRI.
Owing to advances in medical diagnosis, automatic
image analysis has become an essential part of many
research studies. The objective of tumor diagnosis
is to identify the tumor origin and to estimate its
growth rate. Manual analysis of many medical
images is time-consuming and can lead to incorrect
results. With the progress of research on neural
networks, medical professionals have increasingly
applied artificial intelligence (AI)-based algorithms in
the tumor diagnosis process [5].

However, because of limited data and their
dependence on handcrafted features, traditional
machine learning techniques can be time-consuming
and provide lower accuracy than deep learning
methods [6]. In contrast, deep learning algorithms
learn features automatically and provide solutions
to complex image-related problems [7]. Although
deep learning methods are effective, they require large
datasets and suffer from problems such as vanishing
gradients. Transfer learning-based deep learning
models can provide better accuracy even with small
datasets [8], and they can perform image identification
and classification tasks more reliably. Recently, many
transfer learning models that focus on the concept
of “knowledge transfer” have been proposed, and
transfer learning-based deep convolutional neural
network (CNN) models are becoming increasingly
popular for problems in the medical sector.

Many researchers have applied AI and deep learning
techniques to brain tumor-related problems, but a
number of existing methods face common challenges
including limited dataset diversity, insufficient
evaluation metrics, and suboptimal performance
on certain tumor classes [9]. In this work, we
review transfer learning-based studies and use four
popular frameworks, VGG16, Xception, ResNet50,

and MobileNetV1, to identify and classify brain
tumor classes [10]. These deep learning models
have already been tested on popular benchmarks
and produced excellent results. The main aim of this
study is to investigate and compare the efficiency
of these frameworks using transfer learning with a
fine-tuning process, and to verify the results with
several performance metrics. Sample images of the
tumor types are shown in Figure 1.

Figure 1. Sample images of the four classes in the dataset.

The main contributions of this work are as follows:
• The performance of four pre-trained deep learning

frameworks is evaluated on the same dataset.
• Data augmentation is applied to increase the

number of training images and to reduce overfitting.
• Regularization and fine-tuning are applied to

improve the accuracy of the frameworks.
• Severalmetrics are employed to analyze the accuracy

and errors of the transfer learning-based models.
• A comparative analysis shows the relative

effectiveness of the pre-trained models.
The remainder of this paper is organized as follows.
Section 2 reviews previous related studies and their
limitations. Section 3 explains the methodology.
Section 4 provides the experimental details. Section 5
presents the experimental results and their analysis.
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Section 6 concludes the paper with its limitations and
future directions.

2 Literature Review
Many researchers have proposed solutions to identify
and classify tumors using AI techniques. However,
some of these solutions are complex and do not
provide high accuracy. In this scenario, a well-trained
transfer learning-based deep neural network can play
a significant role.

2.1 Classification of Brain Tumor MRI Images
Using CNN

Recently, AI frameworks have been widely used to
solve MRI classification problems. Among them, the
CNN is a very effective and widely used deep learning
framework for computer vision problems. However, a
CNN does not perform well with limited datasets and
requires an extended training period to extract deep
features.
Basheera and Satya Sai Ram [11] proposed a brain
tumor classificationmethod using a CNN. Themethod
used an improved independent component analysis
(ICA) mixture model for tumor segmentation and
provided deep feature extraction and performance
validation. The study has limitations such as
dataset dependency, model complexity, segmentation
challenges, and a limited number of tumor types.
Sultan et al. [12] developed a 16-layer CNN framework
to categorize images into tumor classes. The
framework achieved accuracy rates of 96.13% and
98.7% on two datasets. The method highlights the
importance of AI techniques but suffers from limited
dataset diversity.
Singh et al. [13] proposed a framework to classify
images from the BRATS 2017 dataset, using 320
images for training and 80 images for testing. The
framework achieved 89.25% training accuracy and
97.5% validation accuracy. However, the work has
limitations, including a simplistic design, a small
dataset, a lack of preprocessing details, and insufficient
performance metrics.
Abiwinanda et al. [14] proposed a CNN framework
to classify three types of brain tumor (glioma,
meningioma, and pituitary) from 3064 MRI
images. Without any region-based segmentation
preprocessing, the model achieved a training accuracy
of 98.51% and a validation accuracy of 84.19%.
However, the study was limited to three tumor classes

and did not include evaluation on an independent
held-out test set.
Minarno et al. [15] conducted an experimental
study on brain tumor MRI images with a deep
learning framework using hyperparameter tuning.
The experiment used 3264 tumor images and achieved
a peak accuracy of 96% among three scenarios.
However, the study provides limited information on
the hyperparameters adjusted, the tuning process,
and the computational resources. Mukkapati
and Anbarasi [16] introduced an enhanced CNN
framework to identify and classify brain abnormalities.
The model integrates techniques for segmentation,
pattern analysis, and classification, and it achieved
96.85% accuracy on a benchmark dataset. The
study shows that the model can effectively segment
and classify brain tumors by keeping local and
contextual information. However, the paper lacks
detailed information on the composition and size
of the dataset, the training parameters, and the
computational resources.

2.2 Classification of Brain Tumor MRI Images
Using Transfer Learning

Deep neural networks, especially CNNs, demand a
huge amount of training data, which is not always
available. Deep transfer learning largely overcomes
this issue: it reduces the computational cost of training
and provides better results even on small datasets.
Therefore, researchers are now exploring transfer
learning techniques to identify and classify brain
tumor abnormalities.
Lo et al. [17] developed an automatic glioma grading
system based on a pre-trained AlexNet with transfer
learning. With data augmentation, themodel achieved
97.9% accuracy, compared with 59.85% without
augmentation. However, the study is limited by a small
dataset, its focus on a specific tumor type, and a lack
of external validation.
Rehman et al. [18] proposed a framework using
transfer learning to categorize tumor images. The
framework explored three pre-trained architectures,
VGG16, AlexNet, and GoogLeNet, and the
comparative investigation identified the most
efficient one. Data augmentation was used to increase
the number of images and to reduce overfitting. The
fine-tuned VGG16 achieved 98.69% classification
accuracy. However, the framework suffers from
limitations such as dataset dependency, model
complexity, overfitting risks, and a limited number of
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tumor types.
Chelghoum et al. [19] proposed an automated system
for classifying three types of brain tumor images
using contrast-enhanced MRI and transfer learning
with CNN architectures. The approach achieved
98.71% classification accuracy and showed that transfer
learning is effective with few training samples.
Arbane et al. [20] suggested a deep learning
architecture using transfer learning to categorize MRI
images. The research investigated pre-trained
architectures such as ResNet, Xception, and
MobileNetV2, among which MobileNetV2 achieved
the best performance. However, the research relies on
the quality and diversity of the MRI dataset and is
prone to overfitting because of limited data.
Prakash et al. [21] suggested a deep neural architecture
based on DenseNet121 with transfer learning to
improve classification accuracy. After hyperparameter
tuning, the model achieved 97.39% classification
accuracy. The main limitation reported was overfitting.
Arya andAgrawal [22] suggested a deep CNNmethod
using transfer learning to categorize tumor images.
The work evaluated several frameworks and showed
that fine-tuned CNNmodels achieved high accuracy,
with a precision of 96.65%, outperforming traditional
classification techniques. However, the work needs to
be validated on larger and more diverse datasets.
The above studies indicate that transfer learning is
more effective than other techniques, since it can
optimize, extract, and learn features with a large
number of parameters. Although several studies
reported outstanding performance, many of them
share common challenges, such as overfitting, time
complexity, and low precision for some classes. In
addition, some studies were performed on imbalanced
data, and a few frameworks only support binary
classification. In this work, we therefore carry out a
comparative analysis of several popular pre-trained
deep learning frameworks under the same transfer
learning setting and the same dataset.

3 Materials and Methods
3.1 Dataset
The dataset used in this research was taken from the
Kaggle online data repository. It consists of 3264
MRI images classified into four categories: glioma,
meningioma, pituitary tumor, and no tumor [23].
Figure 1 shows sample images of all four categories.
The data are divided into a training set (2870 images)

and a test set (394 images). Figure 2 shows the
percentage of each class in the two sets. During
training, 20% of the training images were held out
as a validation set to monitor learning progress and
detect overfitting.

Figure 2. Class distribution of the training and test sets.

3.2 Image Preprocessing
Preprocessing is used to enhance image quality and
to standardize the input data. In this experiment, two
preprocessing methods were used: image rescaling
and data augmentation. Pixel values were rescaled to
the range [0, 1] to ensure uniformity, and all images
were resized to 128 × 128 pixels, which reduces the
computational cost of training. Data augmentation
consists of transformations such as rotation, flipping,
zooming, and shifting, which increase the number and
diversity of training images [24].

3.3 Transfer Learning
Transfer learning reuses previously acquired
knowledge and requires less data for training [25]. In
this work, four pre-trained deep learning frameworks
were used; they were selected because of their strong
performance on the ImageNet benchmark dataset.
Figure 3 illustrates the transfer learning technique.
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For all four architectures, the convolutional base was
initialized with ImageNet weights; the top layers
were replaced with a global average pooling layer, a
dense layer, and a softmax output layer for four-class
classification. The base layers were initially frozen and
the newly added layers were trained first; the entire
network was then fine-tuned end-to-end [31].

Figure 3. Transfer learning technique.

3.4 VGG16 Pre-Trained Architecture
VGG16 is a deep CNN with 16 weight layers [26]. It
is built from multiple convolution layers with 3 × 3
filters and a stride of 1, followed by max-pooling
layers with 2 × 2 filters and a stride of 2. The
architecture repeats this combination of convolution
andmax-pooling layers, and a softmax function is used
for the output. In this work, part of the pre-trained
convolutional base was frozen and the remaining
layers were fine-tuned, following established practices
for adapting pre-trained CNNs to medical image
analysis tasks. A short description of VGG16 is
presented in Figure 4.

3.5 ResNet50 Pre-Trained Architecture
ResNet50 is a powerful deep CNN framework
introduced by He et al. [27] in 2016. The framework
consists of 50 layers: 48 convolution layers, one
max-pooling layer, and one average-pooling layer.
To mitigate the vanishing gradient problem during
training, the model uses skip connections. It achieves
92.1% top-5 accuracy on the ImageNet dataset. A short
description of the model is depicted in Figure 5.

3.6 Xception Pre-Trained Architecture
The Xception architecture was introduced byGoogle in
2017 (Figure 6) [28]. It employs depthwise separable
convolutions, each of which is decomposed into a
depthwise convolution followed by a pointwise (1×
1) convolution. This design reduces the number of
parameters while maintaining performance. Xception
contains 36 convolutional layers organized into 14
modules, and it achieves 94.5% top-5 accuracy on the
ImageNet dataset.

3.7 MobileNet Pre-Trained Architecture
MobileNets were introduced by Google in 2017 tomeet
the increasing demands of smartphones and other
handheld devices [29]. They are designed to trade
a small loss in accuracy for a large reduction in the
number of parameters and in computational cost. They
are available in different versions, namely V1, V2, and
V3. MobileNetV1 (Figure 7) achieves 89.5% top-5
accuracy on the ImageNet benchmark dataset.

4 Experiments
4.1 Experimental Setup and Implementation
All experiments were implemented in Python using
the Keras library with the TensorFlow framework [30],
together with the NumPy and Matplotlib libraries.
Training and testing were carried out on the Google
Colab cloud platform, which was accessed from a
local workstation running Windows with an Intel
processor, 8 GB of RAM, and a 500 GB hard disk.
The experiments were performed with the VGG16,
ResNet50, Xception, and MobileNetV1 pre-trained
architectures, and each framework was trained on the
training set and evaluated on the separate test set.

4.2 Evaluation of Performance Metrics
To evaluate the performance of the models, we used
accuracy, precision, recall, and F1-score [32]. These
metrics were computed from the confusion matrix,
which tabulates the actual classes against the predicted
classes. Accuracy is defined as

Accuracy =
TP + TN

TP + FP + FN + TN
. (1)

Precision is defined as

Precision =
TP

TP + FP
. (2)

Recall is defined as

Recall =
TP

TP + FN
. (3)

The F1-score is the harmonic mean of precision and
recall:

F1-score = 2× Precision× Recall

Precision + Recall
. (4)

In Equations (1)–(4), TP , TN , FP , and FN denote
the numbers of true positives, true negatives, false
positives, and false negatives, respectively. For the
four-class problem, these quantities are computed for
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Figure 4. VGG16 architecture.

Figure 5. A plain CNN block (left) and a ResNet residual
block (right).

Figure 6. Xception pre-trained architecture.

each class in a one-vs-rest manner; the overall accuracy
is the fraction of correctly classified test images, and
the overall precision and recall are macro-averaged
over the four classes. The lower the numbers of false
negatives and false positives, the more reliable the
model.

5 Results and Discussion
All pre-trainedmodelswere trainedwith a batch size of
64 and the Adam optimizer [35] with a fixed learning
rate of 10−3. The number of epochs differed between
the models (30 for VGG16, 10 for Xception, 10 for
MobileNetV1, and 50 for ResNet50). The results of
each framework are presented as accuracy and loss

Figure 7. MobileNetV1 architecture.

curves and as a confusion matrix on the test set, and
the performance of all frameworks is then compared
quantitatively and graphically.

5.1 VGG16
The trainable and non-trainable parameters of the
VGG16-based model and the model description are
presented in Figure 8. The accuracy and loss curves
and the confusion matrix [33] are shown in Figure 9.
The gap between the training and validation loss is
small [34], and the model reaches a training accuracy
of approximately 91–92% and a validation accuracy
of approximately 89–90%. On the held-out test set,
however, the accuracy is 70.1% (276 of 394 images),
which indicates that the model does not generalize to
the test set as well as the validation curves suggest.
A detailed presentation of the performance metrics
is given in Table 1. The model performs well on the
meningioma and no-tumor classes, whereas the recall
of the glioma class is only 23.00%: 60 of the 100 glioma
test images are misclassified as meningioma.

5.2 Xception
The trainable and non-trainable parameters and the
model description are presented in Figure 10. The
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Figure 8. Trainable and non-trainable parameters and model architecture of the VGG16-based model.

Figure 9. Accuracy and loss curves and confusion matrix of
the VGG16-based model.

Table 1. Performance metrics of the VGG16-based model.

Class Precision Recall F1-score

Glioma 76.67% 23.00% 35.38%
Meningioma 58.70% 93.91% 72.24%
No tumor 73.81% 88.57% 80.52%
Pituitary 96.30% 70.27% 81.25%

accuracy and loss curves obtained during training and
the confusion matrix of the Xception-based model are
shown in Figure 11.
The curves indicate that the Xception model learns
effectively, as the accuracy increases and the loss
decreases over the epochs. The final training accuracy
is approximately 88.61%, and the final validation
accuracy is approximately 84.92%. Table 2 gives the
performance metrics of the Xception-based model on
the test set.
Table 2. Performance metrics of the Xception-based model.

Class Precision Recall F1-score

Glioma 74.29% 26.00% 38.52%
Meningioma 61.31% 73.04% 66.67%
No tumor 63.58% 91.43% 75.00%
Pituitary 63.38% 60.81% 62.07%

5.3 MobileNetV1
The trainable and non-trainable parameters and the
model description of the MobileNetV1-based model
are presented in Figure 12. The accuracy and
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Figure 10. Trainable and non-trainable parameters and model architecture of the Xception-based model.

Figure 11. Accuracy and loss curves and confusion matrix
of the Xception-based model.

loss curves and the confusion matrix are shown in
Figure 13.

The results of the MobileNetV1-based model show the
following:

• The training and validation accuracy curves are
closely aligned, which suggests that the model does
not overfit the training data within 10 epochs.

• The loss curves decrease steadily, indicating effective
learning.

• The validation accuracy and loss are slightly better
than the training values, which is commonly
observed when data augmentation and dropout are
active only during training.

The final training accuracy is approximately 76%,
and the final validation accuracy is approximately
77%; the test accuracy, however, is only 53.3%.
Table 3 summarizes the performance metrics of the
MobileNetV1-based model.

Table 3. Performance metrics of the MobileNetV1-based
model.

Class Precision Recall F1-score

Glioma 64.52% 20.00% 30.53%
Meningioma 54.95% 43.48% 48.54%
No tumor 55.70% 79.05% 65.35%
Pituitary 46.34% 77.03% 57.87%
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Figure 12. Trainable and non-trainable parameters and model architecture of the MobileNetV1-based model.

Figure 13. Accuracy and loss curves and confusion matrix
of the MobileNetV1-based model.

5.4 ResNet50
The trainable and non-trainable parameters and the
model description of the ResNet50-based model are
presented in Figure 14. The accuracy and loss curves
and the confusion matrix are shown in Figure 15.
The model achieved 66.87% training accuracy and
75.17% validation accuracy after 50 epochs, the lowest
values among the four models, and its test accuracy is
only 50.8%. Table 4 shows the performance metrics of
the ResNet50-based model.
Table 4. Performance metrics of the ResNet50-based model.

Class Precision Recall F1-score

Glioma 48.65% 18.00% 26.28%
Meningioma 59.18% 50.43% 54.46%
No tumor 52.76% 81.90% 64.18%
Pituitary 39.58% 51.35% 44.71%

5.5 Comparative Analysis
Figure 16 presents the confusion matrices of the four
pre-trained deep learning models side by side.
According to Figure 16, VGG16 achieves the best
accuracy and overall performance, which makes it
the most reliable of the four models. Xception ranks
second, with a precision and recall about six to
eleven percentage points lower than those of VGG16.
MobileNetV1 ranks third, and ResNet50 has the lowest
accuracy. All four models misclassify most glioma
images (recall between 18% and 26%), mainly as
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Figure 14. Trainable and non-trainable parameters and model architecture of the ResNet50-based model.

Figure 15. Accuracy and loss curves and confusion matrix
of the ResNet50-based model.

Figure 16. Confusion matrices of the four pre-trained
models on the test set.

meningioma or no tumor. Table 5 and Figure 17 show
the comparative performance metrics of the models.

Table 5. Comparative analysis of the pre-trained models on
the test set (macro-averaged precision and recall).

Model Accuracy Precision Recall

VGG16 0.701 0.764 0.689
Xception 0.637 0.656 0.628
MobileNetV1 0.533 0.554 0.549
ResNet50 0.508 0.500 0.504

Table 6 places the present results in the context
of representative studies from the literature. The
lower accuracies obtained in this work are attributable
to the use of a stricter evaluation protocol—a fully
held-out test set that was never seen during training
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or validation—whereas many prior studies report
cross-validation or validation-set accuracy.

Table 6. Comparison of classification accuracy with selected
studies in the literature.

Study Model Dataset Accuracy

Rehman et al. [18] VGG16 Figshare 98.69%
Chelghoum et al. [19] CNN (TL) CE-MRI 98.71%
Prakash et al. [21] DenseNet121 MRI 97.39%
Minarno et al. [15] CNN Kaggle 96.00%
Arbane et al. [20] MobileNetV2 BRATS 98.24%
This work VGG16 Kaggle 70.10%
This work Xception Kaggle 63.70%
This work MobileNetV1 Kaggle 53.30%
This work ResNet50 Kaggle 50.80%

Figure 17. Comparison of the accuracy, precision, and recall
of the pre-trained models.

The performance of all pre-trainedmodels is compared
in Table 5. It can be observed that the VGG16 and
Xception models perform better than the other two
models. For VGG16, Xception, and MobileNetV1, the
macro-averaged precision exceeds the macro-averaged
recall, whereas for ResNet50 the two values are almost
equal.

6 Conclusion and Future Scope
This study evaluated four pre-trained frameworkswith
transfer learning on a public brain tumor MRI dataset
using several performance metrics. VGG16 achieved
the highest test accuracy (70.1%), followed byXception
(63.7%), MobileNetV1 (53.3%), and ResNet50 (50.8%).
These accuracies are lower than those reported in
the literature, and there is a clear gap between
the validation and test accuracy of every model.
Many misclassifications were observed, especially
for the glioma class, which are likely caused by the
imbalanced dataset, inter-class similarities, intra-class
diversity, and differences between the training and test
distributions.

In future work, more diverse tumor datasets and
additional data augmentationmethods should be used
to overcome these dataset-related issues. Moreover,
the impact of hyperparameter tuning, the number of
training epochs, and the choice of loss function was
not investigated in this work and should be explored
in the future.
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