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ABSTRACT

Brain tumor research is essential for timely detection and appropriate treatment. Diagnosis is challenging because
tumors vary in morphology, size, location, surface texture, and visual appearance across medical images. This study
proposes a combined method for brain tumor detection from MRI images using three publicly available datasets
containing 3,966 T1-weighted contrast-enhanced magnetic resonance images (T1-w MRI), classified as glioma,
meningioma, pituitary tumor, or no tumor. The diagnostic pipeline applies preprocessing and data augmentation to
improve image quality and variability. It then uses a VGG16 deep convolutional neural network to extract features
and a Support Vector Machine (SVM) classifier to predict the class. The modified VGG16 output is supplied to
the SVM, producing a test accuracy of 97.2%. Results from XGBoost, AdaBoost, Decision Tree, and K-Nearest
Neighbors classifiers show that the SVM endpoint classifier performs best among the evaluated alternatives.
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1. INTRODUCTION

Brain tumors are an important medical concern because of
their complex composition, varied growth patterns, and seri-
ous effects on survival and well-being. Tumors may develop
without noticeable symptoms and remain undetected until
they reach advanced stages, when treatment is more difficult.
The American Cancer Society projected 18,330 deaths in the
United States from malignant brain and spinal cord tumors
in 2025, including 10,170 male and 8,160 female deaths [1].
Early diagnosis and appropriate treatment are therefore criti-
cal. A brain tumor is an abnormal tissue growth in the brain
or spinal cord that disrupts normal neurological function. Un-
controlled cell division can produce benign tumors, which
tend to have clear borders and grow slowly, or malignant tu-
mors, which may grow rapidly and invade surrounding tissue.
Malignant tumors are associated with high morbidity and
mortality because they can resist conventional treatments [2].

Brain tumors are classified by cellular characteristics, anatom-
ical location, and behavior. The main types include gliomas,
meningiomas, and pituitary tumors. Gliomas originate in
glial cells and include aggressive high-grade forms. Cur-
rent neuro-oncology research applies artificial intelligence
to tumor diagnosis, grading, molecular characterization, and
treatment planning [3]. Identifying histological grade is im-
portant for predicting treatment outcomes and selecting ap-
propriate therapy. Meningiomas arise from the meninges
around the brain and spinal cord. Although they are typically
benign, their growth can put pressure on brain tissue and
cause neurological impairment. Pituitary tumors arise in the
hormone-regulating pituitary gland and can cause endocrine
abnormalities and vision problems when located near the
optic chiasm [4].

Magnetic Resonance Imaging (MRI) is a primary tool for
brain tumor assessment because it is non-invasive, provides
high-resolution images, and distinguishes tissue types. MRI
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supports tumor-type identification, boundary localization, and
treatment monitoring [5]. Unlike computed tomography, MRI
does not use ionizing radiation, making it suitable for repeated
assessment. However, conventional MRI interpretation can be
time-consuming and inconsistent between readers, and may
be affected by fatigue. Computer-aided diagnosis systems
assist radiologists by detecting, classifying, and segmenting
tumors, thereby reducing diagnostic errors and improving
workflow [6].

Artificial intelligence has shifted medical image analysis to-
ward data-driven methods. Deep learning, particularly Con-
volutional Neural Networks (CNNs), learns hierarchical im-
age representations without manually designed features [7].
CNNSs have demonstrated strong performance in brain imag-
ing, while conventional machine-learning methods remain
useful in appropriate settings and can complement deep-
learning systems [2, 8]. Support Vector Machines (SVMs)
are effective in high-dimensional spaces and can work well
with limited or moderately sized datasets. Al can support
tumor diagnosis, grading, and treatment planning, although
explainability and clinical validation remain important chal-
lenges [3].

This study develops a hybrid method in which a VGG16
CNN extracts deep features and an SVM classifies the re-
sulting representations. The model distinguishes glioma,
meningioma, pituitary tumor, and no-tumor MRI images.
Combining VGG16 feature extraction with SVM decision
boundaries is intended to improve diagnosis while controlling
computational demands [9]. To improve generalization across
imaging conditions and tumor presentations, the data are aug-
mented using transformations such as rotation, flipping, and
zooming [10]. The study makes three contributions:

e It combines VGG16 and SVM in a hybrid architecture
for multi-class brain tumor classification.

* It evaluates the model using sensitivity, specificity, and
F1-score in addition to accuracy.

e It uses public and local data with augmentation, and
includes no-tumor cases to support screening of normal
as well as pathological images.

LITERATURE REVIEW

Reviews of brain tumor imaging describe statistical, machine-
learning, deep-learning, and hybrid computer-aided diagnosis
approaches. They also note continuing challenges in com-
paring reported performance and moving automated systems
toward clinical use [11]. CNNs are widely used for MRI anal-
ysis, while conventional classifiers remain useful in selected
workflows [2, 8].

Recent studies illustrate varied CNN designs. Rahman and Is-
lam proposed parallel CNN pathways with different window
sizes to capture local and global features; with data aug-
mentation, batch normalization, and dropout, their model re-
ported 98.12% accuracy on a multi-class Kaggle dataset [12].
Abdusalomov et al. fine-tuned YOLOv7 for MRI-based
detection and localization of glioma, meningioma, and pi-
tuitary tumors [13]. Al-Tahhan et al. evaluated 2,880
contrast-enhanced MRI scans across four classes and com-
pared fine-tuned GoogleNet and AlexNet with AlexNet-SVM

and AlexNet-KNN; the AlexNet-KNN model achieved 98.6%
validation accuracy [14].

Other studies combine classification with segmentation or
transfer learning. A U-Net framework with ResNet50 as its
backbone reported an Intersection over Union score of 0.9504,
while NASNet reached 99.6% classification accuracy in the
reported comparisons [15]. Transfer learning has also been
applied to public datasets containing meningioma, glioma,
and pituitary tumors, including glioma grades II, III, and IV;
pre-trained ResNet50 and InceptionV3 achieved reported ac-
curacy values of 96.13% and 98.7% [16]. A four-class hybrid
CNN-LSTM model used AlexNet for feature extraction and
reported 97.94% validation accuracy [17]. Grid-search hy-
perparameter optimization has produced reported accuracy
values of 99.33% for tumor detection, 92.66% for five-class
classification, and 98.14% for tumor grading [18].

Lightweight and transfer-learning models have also been in-
vestigated. One multi-class deep transfer-learning model
reported 99.76% accuracy and a Matthews Correlation Coeffi-
cient of 0.929 [19]. The 13-layer BTC-fCNN model classified
glioma, meningioma, and pituitary tumors, reporting average
accuracy of 98.63% with transfer learning and 98.86% after
five-fold retraining [20]. An improved ResNet50 model re-
ported 99.30% accuracy for benign classification and 98.40%
for malignant classification [21]. A CNN trained on the
Navoneel Chakrabarty and BT-multiclass datasets achieved
91% accuracy for binary and 92% for multi-class classifica-
tion [22].

Hybrid deep-learning and machine-learning systems have
also been explored. Saeedi et al. compared a 2D CNN, a
convolutional autoencoder, and six machine-learning classi-
fiers using 3,264 contrast-enhanced MRI images [23]. Tu-
morDetNet, an end-to-end CNN with 48 convolutional layers,
reported 99.83% detection accuracy, 100% benign/malignant
classification accuracy, and 99.27% three-class accuracy [24].
Patil and Kirange fused features from a shallow CNN and
VGG16 in an ensemble model, reporting classification ac-
curacy up to 97.77% [25]. Explainable deep-learning ap-
proaches have used VGG-19, EfficientNet, Grad-CAM, Grad-
CAM-++, and CAM to provide visual explanations of model
predictions [26].

2. METHODOLOGY

Figure | summarizes the proposed investigation pipeline. It
begins with MRI preprocessing and data augmentation, con-
tinues with feature extraction using a pre-trained CNN back-
bone, and ends with a classification block using the proposed
model. Each stage contributes to performance and robustness
in brain tumor classification.

Preprocessing resizes, normalizes, and reduces noise in MRI
images to maintain dataset consistency. It is intended to ad-
dress variations in image resolution, contrast, and brightness
across medical sources. Data augmentation then expands the
training set using transformations such as rotation, flipping,
zooming, and shifting. These operations encourage general-
ization and help reduce overfitting, particularly because large
annotated medical datasets can be difficult to collect.

The feature-extraction stage uses a pre-trained CNN back-
bone to learn patterns and spatial hierarchies from the input
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Figure 1. Full procedure of the proposed analysis pipeline.

images. Unlike conventional pipelines that use a softmax
output layer, the proposed framework uses an SVM classifier
after feature extraction. The SVM is selected for its margin-
maximizing decision boundaries in high-dimensional spaces
and its potential to separate classes that are not linearly sep-
arable. The system classifies glioma, meningioma, pituitary
tumor, and no-tumor images. Its performance is compared
with XGBoost, Decision Tree, K-Nearest Neighbors (KNN),
and AdaBoost using quantitative metrics, confusion matrices,
and ROC curves.

2.1 Dataset

The study uses the brain MRI dataset initially developed by
Cheng with contributions from the Diagnostic Radiology De-
partment at Mansoura University [27, 28]. It contains 3,504
scans representing four categories: glioma, meningioma, pi-
tuitary tumor, and no tumor. The distribution is 1,003 glioma
images, 981 meningioma images, 959 pituitary tumor im-
ages, and 561 no-tumor images, as summarized in Table 1.
These data provide examples for developing and evaluating
machine-learning methods for brain tumor identification. The
no-tumor group is included so the model can distinguish nor-
mal scans from pathological cases; it is also the smallest
class in the original distribution, which makes class-sensitive
evaluation important.

Table 1. Dataset distribution by class.

Glioma 1,003
Meningioma 981
Pituitary 959
No tumor 561
Total 3,504

The MRI scans cover three anatomical planes: axial, coronal,
and sagittal. Figures 2—4 show example scans for the four

classes. Axial slices show cross-sectional anatomy and lesion
appearance at a particular level of the brain. Coronal views
provide a frontal perspective that supports assessment of ver-
tical tumor progression and midline structures. Sagittal views
show tumor depth and can help assess effects on structures
such as the corpus callosum and brainstem. These different
views provide complementary spatial perspectives for man-
ual review and automated classification. Combining tumor
and no-tumor cases across all three orientations provides a
broader basis for model training and evaluation.

2.2 Preprocessing and Data Augmentation

Preprocessing standardizes the data and helps the model learn
relevant representations rather than irrelevant patterns such
as black borders. MRI data may extend beyond the 8-bit
range [0,255] and may include negative intensities after scan
loading. The first operation is min—max normalization, which
linearly transforms pixel values to the range [0, 1]:

= X Amn_ 1)

Xmax — Xmin

Here, Y; is the normalized output, X is the input pixel value,
and Xpin and Xpax are the minimum and maximum pixel val-
ues in the dataset. Histogram equalization is then applied
to spread intensity values across the available range and im-
prove contrast between structural and pathological features.
All MRI scans are resized to 256 x 256 pixels.

Data augmentation creates transformed versions of the origi-
nal images to represent likely variations in practice, improve
generalization, and reduce overfitting. It is particularly useful
in medical imaging, where collecting large labeled datasets
can be challenging. Rotation, shifting, shearing, and zoom-
ing expose the model to varied examples and are intended to
improve generalization and training convergence. The trans-
formations used in this study are listed in Table 2: rotation
up to 40 degrees, width and height shifts of 0.08, shear range
0.3, and zoom range 0.1. The source reports that augmen-
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(a) Meningioma (b) Glioma

(c) Pituitary tumor (d) No tumor

Figure 2. Representative axial MRI samples from the dataset.

(a) Meningioma (b) Glioma

(d) No tumor

(c) Pituitary tumor

Figure 3. Representative coronal MRI samples from the dataset.

tation increased the training set to 3,966 images. Figure 5
shows example outputs, including shifts, rotation, rescaling,
brightness variation, and horizontal and vertical flips.

Table 2. Data augmentation methods.

Method Parameter

Rotation 40 degrees
Width shift 0.08
Height shift 0.08
Shear range 0.3

Zoom range 0.1

2.3 VGG16-SVM Architecture

The proposed hybrid model uses VGG16 as a feature extrac-
tor and SVM as the final classifier. After removal of the
softmax layer, deep features are extracted from the penulti-
mate fully connected layer and supplied to the SVM. The
model is compared with XGBoost [29], AdaBoost, Decision
Tree [30], and KNN. The proposed SVM uses an RBF kernel,
which is suitable for nonlinear classification. Its performance
depends on the cost parameter C and kernel parameter y. The
value of 7y controls the influence range of each training exam-
ple: lower values produce a wider range, while higher values
produce a narrower one. The RBF kernel is

M(z;,2;) = exp (—szi—szz), )

where z; is a sample and z; is a support vector. Tuning C
and 7y allows the SVM to determine a decision boundary
that generalizes to unseen samples. Figure 6 illustrates the
complete model.

2.4 Classification Head

Prior hybrid approaches have combined CNN architectures
with one another or with additional deep-learning compo-
nents. Such approaches may improve performance but can
increase implementation complexity, computational require-
ments, training time, and difficulty of interpretation. This
study uses VGG16 as the backbone and connects it to an SVM
classifier, seeking to maintain classification performance with
a simpler design.

The system classifies brain MRI images as glioma, menin-
gioma, pituitary tumor, or no tumor using deep features ex-
tracted by VGG16. SVM is a supervised learning method that
supports binary and multi-class classification. Its advantages
include generalization, resistance to overfitting, and efficient
memory and computational use. In image-based medical
diagnosis, SVM can construct separating hyperplanes in high-
dimensional feature spaces. The RBF kernel enables classifi-
cation of nonlinearly separable data and can help limit noise
sensitivity. These properties make SVM a useful classifier
when precision and generalization are important.

2.5 Evaluation Metrics

Because class representation is unequal, the study evaluates
accuracy, sensitivity, specificity, precision, and F1-score. Sen-
sitivity measures how well tumor-bearing cases are identified
among positive cases; high sensitivity is important to reduce
the risk of labeling a patient with a tumor as healthy. Speci-
ficity measures the correct identification of healthy cases and
helps reduce false-positive diagnoses that may lead to unnec-
essary concern or follow-up procedures. Precision measures
the proportion of positive predictions that are correct and
indicates the reliability of tumor predictions. The F1-score is
the harmonic mean of precision and recall, balancing missed
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(a) Meningioma (b) Glioma

(c) Pituitary tumor (d) No tumor

Figure 4. Representative sagittal MRI samples from the dataset.

Augemented Images

Figure 5. Example images after augmentation by width shift, rotation, height shift, rescaling, brightness adjustment, and horizontal and

vertical flipping.

Table 3. Evaluation metrics and their mathematical definitions.

Metric Formula

TP+TN
Accuracy
TP+ TfoPFP+FN
Sensitivity (Recall) _—
TP fjr FN
. N
Specificity —_—
TN+ FP
.. TP
Precision
P+FP
2 PrecisionRecall
F1-score —
Precision + Recall

cases against incorrect positive predictions. It is particularly
informative for imbalanced data because accuracy alone may
conceal poor performance on a less frequent class. Accuracy
measures correct classifications overall but does not show
how performance is distributed between tumor and no-tumor
cases. Table 3 gives the mathematical definitions. Here, TP
and TN denote true positives and true negatives, while F'P
and F'N denote false positives and false negatives.

2.6 Implementation Details

The model was implemented and trained on Google Colab
using TensorFlow and GPU processing. The SVM classifier

was built with Scikit-learn. The reported training/testing split
was 90/10. Different kernel functions and y values were
evaluated to select the model configuration. Figures 7 and 8
show the kernel comparison and tuning results; the RBF
kernel achieved the highest reported test accuracy of 97.2%.
Table 4 lists the selected hyperparameters.

Table 4. Hyperparameters of the proposed classifier.

Hyperparameter Value

C 100
Y scale
Kernel RBF
Random state 123

3. RESULTS

The proposed model is evaluated using accuracy, sensitivity,
specificity, F1-score, and processing time to provide a multi-
class assessment. Table 5 compares it with other machine-
learning classifiers. VGG16 feature extraction with SVM
achieves 97.2% test accuracy, 100% sensitivity, 98.8% speci-
ficity, and a 97% F1-score in 319.7 seconds. The alternatives
show lower accuracy and F1-score, although the Decision
Tree completes processing more quickly. The results there-
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Figure 6. Proposed architecture: VGG16 feature extraction followed by SVM classification.

Figure 7. Proposed model performance across kernel functions.
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Figure 8. Tuning the y parameter at C = 100.
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Figure 9. Ten-fold cross-validation procedure.

Table 5. Proposed model evaluation against other machine-learning
classifiers. Pt denotes processing time.

Model Acc. Sens. Spec. F1 Time (s)

Proposed model 97.2% 100% 98.8% 97% 319.7
VGG16+XGBoost 92.6% 99% 95.5% 93% 1169.3
VGG16+AdaBoost 73.2% 89.9% 94.6% 73% 236.5
VGG16+Decision Tree 71.5% 95% 89.8% 72%  24.7
VGG16+KNeighbors  88.4% 97.8% 95.4% 88% 1125

fore indicate a balance between classification performance
and computation time rather than minimum runtime alone.
Table 6 evaluates the model at five training/testing ratios. Its
best reported results occur at 90/10, but accuracy and F1-
score remain 93.7% and 94% at a 50/50 split. Sensitivity
remains at or above 98.8% across the reported ratios, which
the study presents as evidence that performance is maintained
with less training data.

Figure 9 shows the 10-fold cross-validation procedure. The
data are divided into ten parts; in each iteration, nine parts
are used for training and one for validation. Each partition
serves as validation data once, and the performance measures
are averaged across the ten iterations.
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Table 6. Performance at different training/testing ratios.

Train/test Acc. Sens. Spec. F1

90/10 97.2% 100% 98.8% 97%
80/20 94.9% 99% 93.9% 95%
70/30 94.5% 99.6% 94.6% 95%
60/40 94% 99.5% 94.9% 94%
50/50 93.7% 98.8% 95.9% 94%

Table 7. Performance at a 90/10 training/testing ratio using pre-
trained feature extractors with SVM.

Model Acc. Sens. Spec. F1 Time (s)
InceptionV3+SVM  83.8% 98% 91.7% 83% 357.7
MobileNetV2+SVM 94.4% 99% 96.7% 94% 636.2
Xception+SVM 924% 96% 94.5% 92% 978.1
VGG19+SVM 94.7% 100% 98.7% 95% 113.6
DenseNet121+SVM 95.9% 98.9% 98.9% 96% 384.6
Proposed model 97.2% 100% 98.8% 97% 319.7

Table 7 compares the proposed VGG16 feature extractor
with InceptionV3, MobileNetV2, Xception, VGG19, and
DenseNet121, each paired with SVM. VGG16+SVM records
the highest reported accuracy (97.2%) and an Fl-score
of 97% with a processing time of 319.7 seconds. Mo-
bileNetV2+SVM and DenseNet121+SVM reach 94.4% and
95.9% accuracy but require 636.2 and 384.6 seconds, re-
spectively. VGG19+SVM reports 94.7% accuracy, while
InceptionV3+SVM and Xception+SVM obtain F1-scores of
83% and 92%. These results favor the proposed VGG16—
SVM configuration in the reported balance of accuracy and
processing time.

Figure 10 compares the proposed model with
VGG16+XGBoost, VGG16+KNeighbors, VGG16+Decision
Tree, and VGG16+AdaBoost using confusion matrices
for glioma, meningioma, pituitary tumor, and no tumor.
The proposed model shows dominant diagonal values and
few off-diagonal errors, indicating that most examples are
classified into their correct categories. XGBoost produces
adequate results in most cases but shows some glioma
misclassification. KNeighbors classifies pituitary tumors
effectively, although glioma and meningioma are confused

Prediction

(a) Proposed model

Prediction

(d) VGG16+Decision Tree

Prediction

(b) VGG16+XGBoost

Table 8. Comparison of the proposed model with baseline VGG16
using a softmax classifier.

ime
Sens. Spec. (s)

Train Test

Model acc. acc.

Proposed model 100% 97.2% 100% 98.8% 319.7
Baseline VGG16 99.3% 94.4% 99% 98% 734.5

more often. The Decision Tree produces more incorrect
classifications across tumor types, particularly between
no-tumor and meningioma cases. AdaBoost performs
moderately for pituitary tumors but shows lower performance
for glioma and meningioma, a concern where missed tumor
cases are clinically important.

Figure 11 compares the proposed model’s confusion matrix
with that of the baseline VGG16 softmax classifier. The
softmax baseline remains practical but produces more mis-
classifications, particularly between glioma and meningioma.
Table 8 reports test accuracy of 97.2% for the proposed model
and 94.4% for the baseline; sensitivity and specificity are
100% and 98.8% for the proposed method versus 99% and
98% for the baseline. Processing time is 319.7 seconds for
the proposed model and 734.5 seconds for the baseline, which
the source describes as more than 50% faster.

Figure 12 shows the Receiver Operating Characteristic (ROC)
curves, which compare the true-positive detection rate against
the false-positive rate over different decision thresholds. The
proposed model reports an Area Under the Curve (AUC)
of 1.0 for glioma, meningioma, pituitary tumor, and no tu-
mor, indicating strong class discrimination in the reported
experiment. The comparison curves deviate from this result:
XGBoost performs relatively well but is less consistent across
classes, KNeighbors shows moderate performance, and Deci-
sion Tree and AdaBoost have lower AUC values and flatter
curves. In medical diagnosis, both false positives and false
negatives matter because they may respectively lead to un-
necessary follow-up or missed disease. Class-wise results for
the proposed model are listed in Table 9.

The proposed model achieved 100% recall for pituitary tu-

Prediction

(¢) VGG16+KNeighbors

Prediction

(e) VGG16+AdaBoost

Figure 10. Confusion matrices for the proposed model and alternative classifiers, showing classification across tumor types.
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Figure 11. Confusion matrices for the proposed model and baseline VGG16 softmax classifier.

True Positive Rate
True Positive Rate

= ROC curve (area = 1.0) for glioma_tumor 02
= ROC curve (area = 0.99) for menin gioma_tumor
= ROC curve (area = 1.0) for no_tumor

=== ROC curve (area = 1.0) for pituitary_tumor

= ROC curve (area = 1.0) for glioma_tumor 02
= ROC curve (area = 0.98)
= ROC curve (area = 0.98) for no_tumor

=== ROC curve (area = 1.0) for pituitary_tumor

—

True Positive Rate

) — ROC curve (i
) for menin \gioma_tumor —— ROC curve (ar

o —— ROC curve (ar
—— ROC curve (area = 1.0} for pituitary_tumor

v oz o1 g g 1o *%0 oz o1
False Positive Rate

(a) Proposed model

True Positive Rate

= ROC curve (area = 0.87) for glioma_tumor
== ROC curve (area = 0.89) for meningioma_turmor
= ROC curve (area = 0.81) for no_tumor

== ROC curve (area = 0.92) for pituitary_tumor

*%. 02 o [ o8 10
False Positive Rate

(d) VGG16+Decision Tree

False Positive Rate

(b) VGG16+XGBoost

o6 g 1o %0 0z o o6 g Lo
False Positive Rate

(¢) VGG16+KNeighbors

True Positive Rate

area = 0.97) for glioma_tumor
0.85) for meningioma_tumor
0.69) for no_tumor

—— ROC curve (area = 0.99) for pituitary_tumor

%0 02 [ s [ 10
False Positive Rate

(e) VGG16+AdaBoost

Figure 12. ROC curves for the proposed model and comparison classifiers.

mors and 95% recall for glioma and meningioma. The source
reports Fl-scores between 95% and 99% across the four
classes, with 99% F1-score for no tumor, 97% for glioma,
95% for meningioma, and 98% for pituitary tumor. Tables 10—
13 show class-wise results for the alternative classifiers. XG-
Boost achieved 84% recall for glioma. AdaBoost had its
weakest results for meningioma and glioma, with F1-scores
of 56% and 69%, respectively; its pituitary precision was
92%, but overall performance remained uneven. Decision
Tree results were also limited, particularly for meningioma,
which had an F1-score of 55%. KNeighbors performed better
than AdaBoost and Decision Tree for pituitary and no-tumor
cases, but its F1-scores for glioma and meningioma (88% and
80%) remained below those of the proposed model.

Table 9. Proposed model class metrics.

Class Prec. Recall F1

No tumor 9% 98% 99%
Glioma 98% 95% 97%
Meningioma 95% 95% 95%
Pituitary 96% 100% 98%

Overall, the VGG16-SVM hybrid outperformed the evaluated
classifiers and the VGG16 softmax baseline on the reported
test accuracy, F1-score, sensitivity, specificity, and process-
ing time. It maintained performance across different train-
ing/testing ratios and achieved 97.2% test accuracy, 100%
sensitivity, and 98.8% specificity with a processing time of
319.7 seconds. The comparisons with other feature extractors
likewise favor the proposed VGG16-SVM configuration in
the balance of accuracy and processing time. Confusion ma-
trices and ROC curves show strong class separation, while the
class-wise tables reveal that the alternative classifiers have
particular difficulty with glioma and meningioma. These
findings support the potential value of the hybrid method for
computer-aided diagnosis, while remaining specific to the

Table 10. VGG16+XGBoost class metrics.

Class Prec. Recall F1

No tumor 95% 96% 96%
Glioma 97% 84% 90%
Meningioma 94% 93% 89%
Pituitary 94% 97% 96%
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Table 11. VGG16+AdaBoost class metrics.

Class Prec. Recall F1

No tumor 88% 77% 82%
Glioma 69% 70% 69%
Meningioma 50% 63% 56%
Pituitary 92% 82% 87%

Table 12. VGG16+Decision Tree class metrics.

Class Prec. Recall F1

No tumor 78% 74% 76%
Glioma 80% 70% 74%
Meningioma 50% 60% 55%
Pituitary 79% 81% 80%

Table 13. VGG16+KNeighbors class metrics.

Class Prec. Recall F1

No tumor 90% 91% 91%
Glioma 84% 93% 88%
Meningioma 87% 75% 80%
Pituitary 94% 94% 94%

datasets and evaluation conditions used in the study; further
validation is needed before clinical use.

4. CONCLUSION

This study presents a brain tumor classification model that
combines VGG16 for deep feature extraction with an SVM
classifier. The learned VGG16 features are passed to SVM
for final prediction, combining deep-learning representations
with a traditional classifier. The proposed model achieved
97.2% classification accuracy in the reported experiments and
may support rapid tumor diagnosis within computer-aided
clinical workflows.

Future work includes collecting a larger and more diverse
dataset and generating high-quality synthetic images using
Generative Adversarial Networks (GANs). A larger dataset
would allow more reliable assessment of tumor subtypes. Fur-
ther work should also improve interpretability, since the cur-
rent deep-learning system is difficult to explain. Visualization
methods such as saliency maps, Grad-CAM, and attention
mechanisms could provide clinicians with explanations for
model predictions. Combining broader data coverage with
interpretable predictions may help improve the accuracy, reli-
ability, and acceptance of Al-based diagnostic tools.
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