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Abstract

Tumor brain research stands essential for detecting patients during timely periods and delivering proper treat-
ment options. Inspecting tumors becomes difficult because tumor morphology shows diverse characteristics
in terms of dimensions and placement surface texture patterns, and inconsistent visual features across var-
ious medical image types. A combined methodology will be implemented to detect brain tumors through
MRI image analysis in this research. The model operated with three publicly accessible datasets containing
3,966 T1-weighted contrast-enhanced magnetic resonance images (T1-w MRI) that were split between glioma,
meningioma, pituitary tumor and no tumor groups. The diagnosis pipeline starts by applying preprocessing
and data augmentation steps that improve data quality alongside increasing its variability rates. The main
structure of this system uses VGG16 deep convolutional neural network features alongside a Support Vector
Machine (SVM) classifier to determine outputs. The modified VGG16 output became the SVM input, deliver-
ing optimal results while keeping the computational time sensible. The proposed hybrid model performs better
than all existing methods analyzed in the literature according to experimental results. The test success rate of
the model reached 97.2%. Test outcomes from standard machine learning methods XGBoost, AdaBoost, Deci-
sion Tree, and K-Nearest Neighbors demonstrate that using SVM as the endpoint classifier boosts achievement
levels in this dataset assessment.

Keywords: Brain Tumors; Hybrid Model; Support Vector Machine; T1-w MRI; VGG16

1 Introduction

The medical community identifies brain tumors as a crucial subject because of their challenging composition,
careful growth patterns, and grave influence on survival rates and patient well-being. The tumors evolve with-
out noticeable symptoms and go undiscovered until they progress to extensive stages, where treatments prove
more complex to implement. The American Cancer Society reports that brain and spinal cord malignant tu-
mors will result in 18,330 U.S. deaths during 2025, with male and female fatalities totaling 10,170 and 8,160,
respectively [1]. Patient outcomes depend heavily on achieving both early diagnosis and appropriate treatment
methods because this data shows the critical nature of the situation. The term brain tumor indicates any irregu-
lar tissue development that occurs inside the spinal cord or brain, which blocks usual neurological operations.
The abnormal tissue develops through uncontrolled cell division into benign noncancerous tumors and malig-
nant cancerous tumors. Tumors of benign origin maintain clear structural borders and develop gradually, yet
malignant tumors expand rapidly until they invade different regions within the brain and spinal tissue. Malig-
nant tumors result in elevated morbidity and mortality statistics since these aggressive tumors prove resistant to
typical treatment modalities [2]. Multiple criteria determine brain tumor classification, including their cellular
distinctiveness, where they develop within the brain and their conduct. The three main brain tumor classifi-
cations consist of gliomas, followed by meningiomas, together with pituitary tumors. Over thirty percent of
brain and CNS tumors are gliomas since these tumors originate from glial cells, while gliomas make up eighty
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percent of all malignant brain tumors. According to the World Health Organization (WHO) classifications,
anaplastic astrocytoma and glioblastoma belong to the particularly aggressive high-grade tumor types IV and
I, respectively [3]. The prediction of treatment outcome and selection of suitable therapy depends heavily on
identifying the histological grade. Meningiomas grow as benign growths from the meninges surrounding the
brain and spinal cord area. The growth of these masses typically stays benign, but their expansion causes pres-
sure on brain tissue, thus creating neurological symptoms with functional impairments. The pituitary gland
serves as the origin of tumors called pituitary tumors while they form from this gland that controls hormonal
actions. Near the optic chiasm, these tumors result in both hormonal system abnormalities together with vision
problems [4]. Treatment of pituitary adenomas becomes necessary because of their benign nature, although
they cause endocrine disturbances. Medical doctors need exact brain tumor diagnoses quickly because these
tests bring direction to healthcare choices and enhance treatment success. Medical professionals use Magnetic
Resonance Imaging (MRI) as their primary assessment tool since it stands as the most trustworthy and fre-
quently implemented technique for brain tumor diagnosis. MRI displays two main benefits, resulting from its
non-invasive approach and its capacity to maintain high-resolution imaging and advanced tissue differentiation
powers that assist professionals in identifying tumor type while determining boundary location and effectively
tracking treatment progress [5]. Because MRI prevents ionizing radiation, which CT scans produce, it becomes
an ideal technology for serial tumor assessments. Overall, technological progress has not changed the fact that
traditional MRI analysis requires a long duration, resulting in inconsistent interpretation between readers and
becoming unstable due to human tiredness. Computer-aided diagnosis systems have become recognized as an
effective method that supports radiologists. Medical imaging systems perform tumor detection in addition to
classification and segmentation tasks to decrease diagnostic mistakes and enhance workflow processes accord-
ing to [6]. The addition of Al technology to CAD tools changed medical imaging from being dependent on
human perception to a standardized analysis through data. Medical image analysis receives exceptional bene-
fits from Deep learning models, mainly through Convolutional Neural Networks (CNNs) [7]. The models can
learn hierarchical pixel-based representations without manual feature programming. Recent research proves
that CNNs perform at or better than the professional radiologist level, specifically in brain imaging applica-
tions [2]. CNNs have become a fundamental diagnostic imaging ingredient because of their ability to adapt
and function at different scale levels. Standard Machine Learning (ML) approaches maintain their validity
for particular settings, yet they can work optimally through dual integration with DL-based systems [8]. Sup-
port Vector Machines (SVM) demonstrate excellent capabilities in high-dimensional spaces because of their
robust nature, and they maintain efficiency even with datasets of limited to moderate sizes. Hybrid systems
built from CNN features and ML classification strength present a framework that resolves performance needs
and interpretability requirements according to [3]. Our research develops a mixed deep learning methodology
that employs a VGG16 convolutional neural network to extract deep features before the SVM classifier com-
pletes the prediction process. The proposed architecture aims to detect glioma and meningioma tumors and
differentiate between pituitary tumors and no tumors from MRI brain images. The proposed model achieves
better diagnosis alongside decreased computational demands through joint implementation of VGG16 feature
extraction capabilities and SVM precise decision boundaries according to [9]. The model gains better gen-
eralization capability when it utilizes both local MRI scans and publicly available MRI scans. The available
dataset was augmented through multiple transformation operations consisting of rotations, flips, and zooming
to prevent overfitting. Training through this methodology prepares the model to deal with various imaging
conditions and tumor presentation types to perform reliably in medical practice [10]. This study yields three
central accomplishments that include:

* The proposed model features VGG16 and SVM to develop a mixed architecture for precise multi-class
brain tumor type classification between deep and machine learning approaches.

* The proposed model demonstrates strong performance in sensitivity and specificity measures and F1-
score evaluation criteria, which indicates its practical ability in tumor classification discrimination.

* The model achieves training through data collected from both public repositories and local databases and
advanced data enhancement methods to maintain flexibility with diverse imaging perspectives. Including
no-tumor cases within the system enhances clinical screening abilities because this capability lets the
system detect standard brain images separate from pathological images.
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Literature Review

Medical imaging professionals face essential difficulties when monitoring brain tumors, which leads to better
patient recovery due to swift diagnostic methods. Doctors commonly select Magnetic Resonance Imaging
(MRI) because it provides outstanding image quality without invading patients. Medical image analysis of
MRI utilizes both traditional statistical approaches and machine learning mechanisms, which include linear
regression, logistic regression and Bayesian regression, as well as decision trees and random forests with
single-layer and multi-layer perceptrons together with deep learning frameworks like convolutional neural
networks (CNNs), recurrent neural networks (RNNs), and long short-term memory (LSTM) networks. CNNs
emerged as the leading method for tissue type identification because they performed best at identifying regular
brain areas and different tumor categories like gliomas men, meningiomas, and pituitary tumors; thus, they be-
came the preferred selection for practical clinical use [1 |]. Research teams created new versions of CNN mod-
els that specifically optimized multi-class brain tumor identification systems. Group normalization combined
with max pooling and different kernel sizes in multiple convolutional layers were included in these models.
Training accuracy reached 99.8%;, and test accuracy hit 99.3% through the implementation of Adam optimizer
and image augmentation by a single model. Deep learning models achieve superior clinical diagnostic results
after organizations carefully design and train them for clinical applications [12]. A complete Ensemble Deep
Learning Network (EDLNet) was developed by uniting Modified Faster R-CNN for classification with a Deep
Recurrent Convolutional Neural Network (DRCNN) for tumor segmentation functions. The hybrid architec-
ture performed tests on multiple public databases to reach exceptional classification accuracy, with results
reaching 99.76% and 99.87%. By utilizing the ensemble approach, radiologists gain adequate results in clin-
ical workflows since deep learning features from space and time merge to generate reliable classification and
segmentation outcomes [13]. The technique received additional enhancement through evolutionary optimiza-
tion methods. A new method uses an Evolutionary Gravitational Neocognitron Neural Network (EGNNN)
and the Marine Predators Algorithm (MPA) alongside VGG16 for extracting features. The technique imple-
mented both components of denoising alongside feature fusion to enhance task results. This model achieved
better accuracy and sensitivity than the existing models AlexNet-SVM and ResNet-SGD while displaying
higher precision levels because of optimized training methods according to [14]. A U-Net-based framework
comprising segmentation and classification elements used ResNet50 as its backbone architecture. The model
achieved an Intersection over Union measurement of 0.9504. NASNet demonstrated the best performance out
of benchmarked CNNss as it reached 99.6% classification accuracy. The results demonstrate that combining
segmentation and classification methodologies in real-time tumor detection systems shows promising poten-
tial, according to the study [15]. Transfer learning establishes itself as a prominent technology in this field.
The researchers executed CNNs on two public databases, which labeled tumors between meningioma, glioma
and pituitary and separated gliomas into grades II, IIT and I'V. The processing models reached dual performance
targets, which included 96.13% success rate and 98.7%. The research applied pre-trained ResNet50 and Incep-
tionV3 networks to demonstrate that domain knowledge transfer between fields improves results in challenging
medical diagnosis tasks [16]. Three different CNN models were developed to execute specific medical image
classification tasks, including binary tumor detection followed by tumor type categorization (typical, glioma,
meningioma, pituitary, metastatic) and tumor grade determination. Through grid search optimization, the im-
plemented models reached classification accuracy levels at 99.53%. The design of customized CNN networks
delivered superior results than standard neural network architectures, including AlexNet DenseNetl121 and
GoogleNet, as shown in [17]. Current research demonstrates that using Grid search delivers successful results
for model optimization procedures. The optimization of CNN hyperparameters through this study achieved
remarkable task-related accuracy of 99.33% for tumor detection together with 92.66% and 98.14% for the
five-class classification and tumor grading tasks, respectively. The research findings validate that deep learning
model development needs automated parameter tuning because precision requirements are essential in health-
care applications [18]. This study developed a non-hybrid lightweight CNN model, demonstrating potential
for clinical environments with limited resources. A basic model achieved 99.76% accuracy in classifying
samples alongside a Matthews Correlation Coefficient rating of 0.929. The network delivers high-quality re-
sults with simplified hybridization technology, which makes it suited for applications at scale in locations with
minimal computational capacity [19]. The authors improved further performance by adapting the concluding
layers of prominent CNN architectures, including Xception alongside DenseNet201 and InceptionResNetV2.
The integrated dense blocks with softmax outputs allowed the proposed model to achieve 99.67% accuracy
for three-class identification along with 95.87% for four-class categorization. The research demonstrates that
pre-trained models remain versatile when applied to customized medical imaging tasks according to find-
ings presented in reference [20]. The practice of diagnostic artificial intelligence depends heavily on binary
classification systems. The improved ResNet50 architecture delivered both 99.30% accuracies for benign clas-
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sification and 98.40% for malignant classification. This method demonstrates the value of improving network
enhancements and training methods because it surpasses the commonly used models, including AlexNet and
VGG-16 [21]. The proposed CNN-based method trained its models on data from Navoneel Chakrabarty com-
bined with the BT-multiclass repository available through Kaggle. The proposed system obtained 91% success
in binary classification while reaching 92% in multi-class classification. The CNN architecture provided per-
formance levels that matched InceptionV3 and VGG-16 standard models while providing flexible solutions
for medical clinical usage [22]. Deep CNNs, when merged with traditional machine learning classifiers, show
the potential to create hybrid systems. Researchers who conducted this study employed a custom CNN for
obtaining features before applying Bayesian-optimized ML models for classification purposes. The hybrid
framework delivered better performance than nine competing CNN-SVM approaches. It achieved 97.15%
mean classification accuracy while indicating how DL integration with traditional ML produces superior re-
sults along with enhanced training capabilities [23]. Researchers developed TumorDetNet as an end-to-end
deep learning model that utilizes a deep CNN with 48 convolutional layers, LReL.U activation, dropout, and av-
erage pooling to minimize overfitting. The model generated outstanding performance outcomes on six Kaggle
datasets and reached 99.83% detection accuracy, 100% benign/malignant classification accuracy, and 99.27%
three-class identification accuracy. The clinical validity of this system supports its practical use in medical
diagnostic settings [24]. In another study, the researchers applied MobileNetV?2 architecture to perform de-
tection and classification tasks. The model achieved high generalizability by maintaining accuracy rates of
99.85% for detection tasks and 99.87% for benign/malignant classification, as well as 99.38% for glioma,
pituitary and meningioma classification. The mobile health solutions would benefit directly from its efficient
operations [25]. One primary obstacle to advancing Al medicine adoption is the lack of human comprehension
when Al systems generate predictions. An explainable deep learning (XDL) framework was developed using
VGG-19 models, including pre-trained and scratch-built configurations and EfficientNet. The combination of
Grad-CAM, Grad-CAM++ and CAM visualization methods enabled the system to generate transparent visual
explanations of its results. The combination of pre-trained VGG-19 with Grad-CAM achieved the best accu-
racy and interpretability according to test results. Establishing this approach brings critical benefits to medical
practitioners seeking explanations and trust in deep learning solutions [26].

2 Methodology

Figure 1 illustrates the complete workflow of the proposed investigation pipeline, which demonstrates the anal-
ysis stages. The pipeline manages several important operations, which start with preprocessing while moving
through data augmentation, then follow feature extraction using a pre-trained backbone, and ends with the
classification block containing our proposed model. Each stage is essential for enhancing model performance
and ensuring robustness when applied to medical imaging tasks, specifically brain tumor classification. Data

'-‘-
et | (o) |

Deep Learning Model (VGG16) Feature Extraction

I

Classification (SVM)

|
—
-
‘
—

Figure 1: The full procedure of the current Analysis pipeline.
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preprocessing is the initial stage that applies resizing, normalization, and noise reduction procedures to input
MRI images to maintain dataset consistency. The essential preprocessing step must address the resolution
con, trust, and brightness variations found in imaging data from various medical sources. After preprocess-
ing, the data processing techniques generate artificial expansions of the training dataset. Operations from the
augmentation process, like rotation and flipping alongside zooming and shifting, enable models to achieve bet-
ter generalization ability while preventing overfitting. This method requires special attention since collecting
large databases with annotations remains challenging for medical applications. We utilize a pre-trained CNN
backbone in the feature extraction stage to capture meaningful patterns and spatial hierarchies from the input
images. While traditional pipe ines employ a softmax layer as the final classification head in such pre-trained
networks, our proposed framework replaces this with a Support Vector Machine (SVM) classifier integrated
at the end of the feature extractor. The SVM’s superior generalization boundaries are the main reason for this
shift, particularly when data classes resist linear separation or display imbalances. SVM classifiers deploy
a margin-maximizing strategy instead of softmax classifiers, which depend on probability distributions while
operating in high-dimensional areas. This makes them more suitable in our hybrid context, as they can robustly
separate classes like glioma, meningioma, pituitary tumor, and healthy (no tumor) instances, each presenting
unique visual and structural features in brain MRIs. Our research incorporates systematic experiments to show
how the proposed model achieves better results than XGBoost and Decision Trees, K-Nearest Neighbors, and
AdaBoost alternative machine learning classifiers. These results are further reinforced by quantitative met-
rics and visual diagnostics such as confusion matrices and ROC curves, which are discussed in detail in later
sections. The proposed investigation pipeline uses pre-trained CNN deep learning capabilities to produce an
accurate brain tumor classification framework alongside the SVM classifier implementation of the classical
machine learning function.

2.1 Dataset

The study adopted the dataset Cheng initially developed with local input from the Diagnostic Radiology De-
partment at Mansoura University. The extensive brain MRI image collection maintains 3,504 scans, represent-
ing various clinically essential brain tumor types [27] [28]. The classification system offers support to diagnose
four distinct categories: glioma, meningioma, and pituitary tumor, together with a new class tag named no tu-
mor. The distribution for brain image categories includes glioma (1,003 images) followed by meningioma (981
images) and pituitary tumor (959 images) with no tumor (561 images) at the end as detailed in Table 1. This
database featuring different types of brain tumors serves as an extensive resource to develop practical training
and testing approaches for ML models that identify brain tumors. The model demonstrates generalization ca-

Table 1: Dataset distribution for each class.

Class Number of Images
Glioma 1003
Meningioma 981
Pituitary 959
No tumor 561
Total 3504

pabilities by including MRI scans in three essential anatomical planes which are axial, coronal, and sagittal.
The model analyzes tumor and non-tumor groups in all three anatomical planes to display their spatial and per-
spective differences regarding diagnosis. The figure provided in Figure 2 displays axial MRI slice examples
from (a) meningioma to (b) glioma through (c) pituitary tumor up to (d) no tumor. Agital views serve the best
purpose for tumor measurements and lateral brain structure distribution assessments. The graph in Figure 3
shows coronal sections of identical groups. The evaluation of vertical tumor progression and the assessment
of midline structure involvement is possible through coronal imaging. Additional visual perspectives through
these images enhance diagnostic assessment accuracy during manual and automated analysis procedures. Fig-
ure 4 shows sagittal views that enable doctors to assess the depths of tumors and their impact on structures
involving the corpus callosum or brainstem. Adding sagittal slices to MRI scans makes the data collection
more comprehensive because they provide a complete volumetric view of tumor structure. Combining tumor
and no-tumor cases with three different tumors enables better clinical applications for the diagnostic model.
Training the proposed system with pathological and normal examples from different orientations makes it
more appropriate for clinical diagnostic use.
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(a) Meningioma (b) Glioma (c) Pituitary tumor (d) No tumor

Figure 2: Sample of axial MRI from the dataset: (a) Meningioma, (b) Glioma, (c) Pituitary tumor, (d) No
tumor

(a) Meningioma

Figure 3: Sample of coronal MRI from the dataset: (a) Meningioma, (b) Glioma, (c) Pituitary tumor, (d) No
tumor.

(a) Meningioma (b) Glioma (c) Pituitary tumor  (d) No tumor

Figure 4: Sample of sagittal MRI from the dataset: (a) Meningioma, (b) Glioma, (c) Pituitary tumor, (d) No
tumor.

2.2 Prepossessing and Data Augmentation

The preprocessing procedure serves as a vital step for data preparation because it helps models learn meaning-
ful representations instead of focusing on irrelevant patterns such as black pixel borders. The preprocessing
process creates standardized data that enhances both generalization potential and classification accuracy for
the model. The preprocessing process assumes special importance in brain MRI since medical image data
regularly extends beyond 8-bit pixel range [0, 255] with potential negative intensity values subsequent to input
scan reading. The preprocessing approach begins with min-max normalization as its first operation. Through
this method raw pixel values receive linear transformation to create a standardized value range from O to 1
thus making the data consistent throughout all samples. The normalization process follows this equation for
its calculation:

Y, = _ X~ Xuin (1)

X max ~_ X min

The normalized output is represented by Y; while X stands for the input pixel value and X,,;, and X,ax
represent the minimum and maximum pixel values contained in the database. A subsequent histogram equal-
ization process modifies image contrast after normalization takes place. This enhancement technique spreads
image intensity values to fill the complete intensity spectrum to enhance the distinction of medical structural
and pathological features during analysis. A uniform dimension of 256 x 256 pixels serves to normalize all
brain MRI scans for entering the deep learning model. An appropriate dimensional adjustment enables the
system to work seamlessly with different computational models while improving data processing speed. The
models strength gets enhanced through integration with proprietary data augmentation methods which also
help minimize overfitting. The augmented dataset gets synthetically expanded through modified versions of
original images that represent probable variations from actual use scenarios. The model learns better gener-
alization and achieves faster training convergence through data augmentation because it exposes the model to
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diverse data during learning. Scientists in this research employed the following particular data augmentation
procedures:

* Rotation by up to 40 degrees,

Width shift and height shift by 8% of the image dimensions,
¢ Shear transformations with a shear intensity of 0.3,

* Zooming within a 10% range.

These parameters are summarized in Table 2. The augmentation techniques raised the training dataset from

Table 2: Augmentation methods.

Method Parameters
Rotation 40 degrees
Width Shift 0.08
Height Shift 0.08
Shear Range 0.3
Zoom Range 0.1

3966 images which substantially improved its training data diversity. A single MRI scan produced different
augmented images through the applied transformations as shown in Figure 5. The augmentation process
creates simulated examples which reproduce clinical variations while making the model more suitable for
clinical deployment.

Augemented Images

Figure 5: Example output images after augmentation by applied width shift, rotation range, height shift, re-
scale, brightness range, horizontal flip, and vertical flip.

Figure 6 shows our proposed hybrid model, which enhances feature extraction through deep learning com-
bined with traditional machine learning methods for classification. Our methodology uses VGG16 as a neural
network to extract features from images while implementing an SVM classifier as the standard softmax clas-
sification head alternative. This combined strategy allows VGG16 to extract abstract high-level features and
enables SVMs to utilize their firm boundaries for decision-making. After removing the softmax layer from
VGG16, the implementation extracts features from the penultimate fully connected layer. SVM is a prediction
tool for inputting the extracted features during training. This paper evaluates SVM classification performance
through four alternative machine learning models, namely Extreme Gradient Boosting (XGBoost) [29], Adap-
tive Boosting (AdaBoost), Decision Tree [30], and K-Nearest Neighbors (KNN). These specific models have
gained popularity for their demonstrated excellence in classification while frequently used within medical
imaging pipelines. SVM yields the best results when used with VGG16 based on the results discussed in the
outcomes section. Our proposed architecture includes an SVM classifier with the rbf kernel because this
kernel performs effectively when classifying non-linear problems. The RBF kernel requires tuning two critical

DOI: https://doi.org/10.54216/JAIM.090204 60
Received: December 18, 2024 Revised: February 25, 2025 Accepted: May 02, 2025



Journal of Artificial Intelligence and Metaheuristics (JAIM) Vol. 09, No. 02, PP. 54-71, 2025

parameters, the C' cost parameter and the «y gamma parameter. A single training example receives its influ-
ence level from the gamma parameter setting. The distance range of influence in the system depends on the
gamma value, where lower values indicate a longer reach while higher values indicate a closer range. The
mathematical definition of RBF kernel appears as follows:

M (2, 2;) = eXp(_'Y”Zi—ZjH2> o

The relationship utilizes sample point z; together with support vector z;. The exponential calculation allows
the model to transform data into higher-dimensional space, making linear separability more possible. By ad-
justing v and C' parameters, SVM obtains an ideal decision boundary that transforms effectively on unknown
data samples. Figure 6 visually outlines the entire pipeline. Deep features in VGG16 extract features from
input MRI scans. The model feeds the extracted deep features to the SVM classifier to predict subjects diag-
nosed with glioma, meningioma pituitary tumor or no tumor. This system unites CNN-based representation
capabilities with SVM operational strength to boost medical imaging diagnostics.

CE-MRI Dataset Training Dataset Feature extraction

Preprocessing

Query Image

Query Image Patient MRI Scan Analysis (Radiologist/Doctor) No tumor

Figure 6: Proposed Architecture Model: VGG16 used as a feature extractor followed by SVM for final classi-
fication.

2.3 Classification Head

Studies before this utilized hybrid Convolutional Neural Network (CNN) models in brain tumor classification
by connecting different CNN structures or uniting CNN architecture with additional deep learning structures.
Hybrid CNN approaches generate minimal performance enhancements but produce complicated system im-
plementations. Advanced neural network structures need ample computational power and extensive processing
time for training and validation procedures. Detailed network architecture poses interpretation challenges to
clinicians who need to understand their models’ decision-making processes when using this technology clin-
ically. A streamlined proposal uses the VGG16 model as its backbone to achieve equivalent or advanced
classification outcomes to the existing system. Our model links this VGG16 CNN with an SVM classifier,
simplifying design complexity while maintaining performance qualities. The basic system design shortens
learning and testing durations while boosting the classification process’s interpretability features and trans-
parency elements. The brain MRI image classification system must sort these images into their tumor types
among glioma, meningioma or pituitary tumor. We utilize deep features obtained from the VGG16 network to
feed them into an SVM classifier. The SVM is a supervised machine learning technique whose main strength
is performing binary and multiclass classification tasks. Strong generalization performance, robust protection
against overfitting, and efficient memory and computing power are the principal benefits of this system. The
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use of SVM for image-based medical diagnosis becomes particularly successful because it generates optimal
separating hyperplanes in high-dimensional feature spaces. The radial basis function (RBF) kernel within the
kernel trick enables the system to operate effectively on data that cannot be separated linearly and simultane-
ously resists noise interference. The combination of qualities in SVM establishes it as a dependable solution
for medical image classifications when interpretability is combined with precision and generalization mat-
ter. The proposed method delivers high diagnostic accuracy through simplified operations, making it more
effective for practical medical systems requiring excellent performance and efficient computing capacity.

2.4 Evaluation Metrics

When working with imbalanced datasets, a classification algorithm should use diverse evaluation metrics to
assess its performance between different classes. In this research, we adopt the F1-score as the principal eval-
uation metric due to its capability to deliver a balanced assessment of model performance when dealing with
classes of unequal representation. This is particularly important in medical diagnostics, where the minority
class (e.g., patients with a disease) typically holds critical clinical relevance. The classification metrics include
the F1-score, accuracy, Precision, sensitivity, and specificity. These various metrics provide separate insights
about model behavior, producing a complete understanding of classification performance. Sensitivity measures
how well the model identifies disease cases among all positive results. The model’s ability to correctly identify
tumor-bearing patients is expressed through sensitivity during this study. Research requires high sensitivity
rates to reduce incorrect healthy classifications of tumor-bearing patients. The model displays its capability
to detect healthy persons accurately through specific measurements. Specificity performance in diagnostic
models helps prevent medical misdiagnoses by lowering the frequency of incorrect positive test results, thus
protecting patients from pointless distress and treatments. The evaluation method for Precision counts accu-
rate optimistic predictions among all cases the system designated as optimistic. The measure determines the
reliability of tumor detection predictions made by the model. A high Precision rate ensures few false posi-
tive results, essential for medical scenarios requiring extra procedures for each incorrect alarm. The F1-score
synthesizes Precision and recall into a single performance metric by computing their harmonic mean. The
score is an important metric in unbalanced datasets because it helps achieve a fair balance between leaving out
actual cases and misidentifying well patients. The F1-score gives a better assessment of model performance
in minority-dominated situations because it avoids misleading results that accuracy produces in such cases.
Accuracy is a mainstream metric but evaluates the complete number of appropriately identified instances. The
measure counts correct classifications alongside false cases about the complete dataset to determine perfor-
mance. Accuracy measurement gives overall system performance knowledge but fails to show classification
accuracy for vital categories in unbalanced datasets. The evaluation metrics are formally represented through
Table 3.

Table 3: Evaluation metrics and their mathematical definitions.

Metric Formula
A TP+TN
ccurac
Y TP TN+ FP+ FN
itivity (Recall)) ——m——
Sensitivity (Recall) TP+ FN
Specificit TN
pecificity TN £ FP
Precisi TP
recision P
TP+ FP
Precision - Recall
Fl-Score recision - Reca

_ Precision + Recall

The actual positive value is T'P while T'N represents actual negative values, and F'P shows false positive
results along with F'N indicating false negative values. All derived evaluation metrics use these essential
components to assess diagnostic model performance. Medical diagnostic professionals strongly consider these
statistical metrics as vital performance indicators. Both correctly identifying patients with diseases and cor-
rectly identifying healthy individuals without disease need to become standard in making effective and safe
clinical decisions. Descriptive value assessments require multiple criteria over a single measure to achieve
holistic model performance analysis at the real-world application level.
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2.5 Implementation Details

The Google Colab platform using the TensorFlow library enabled the implementation and training of the
proposed model with GPU processing capability. The authors built the SVM classification head through Scikit-
learn. The training operation utilized 90% of the available data, followed by testing done with the remaining
10%. A summary of the model hyperparameters exists in Table 4. Different kernel functions and gamma value
combinations were tried to determine the optimum model setting. The graphics in Figures 7 and 8 demonstrate
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Figure 7: Performance of the proposed model across different kernel functions.

how changing kernels affects model results when gamma is set to 100. As depicted in these figures, the Radial
Basis Function (RBF) kernel delivered the highest classification performance, achieving a test accuracy of

97.2%.
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Figure 8: Tuning of gamma parameter at C=100 for optimal model performance.
Table 4: Hyper-parameters of proposed model for classification
Hyperparameter  Value
C 100
gamma scale
kernel rbf
Random state 123
3 Result

The proposed method uses Table 5 to assess model performance through important evaluation metrics. The
model assessment utilizes accuracy alongside sensitivity, specificity, and F1-score to give a complete overview
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Table 5: Proposed model evaluation against other ML classifiers. "P;" is processing time.

Evaluation metrics

Model Accuracy Sensitivity Specificity Fl-score P;(sec)
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% 2% 247

VGG16+KNeighbors 88.4% 97.8% 95.4% 88% 1125

of forecasting capability across multiple tumor classes. The implemented model delivers superior perfor-
mance than conventional machine learning models in multiple vital evaluation metrics. The VGG16-based
feature extraction with SVM classification enables the hybrid system to achieve 97.2% test accuracy, complete
sensitivity at 100%, and a specificity rate of 98.8%. The model demonstrates excellent performance because it
combines high recall rates with precision values for optimal evaluation results in medical environments. The
performance results of the proposed model for different data splits appear in Table 6. The model upholds
high-performance standards throughout the training data reduction from 90% to 50%, proving its robustness
and generalization abilities. The model reaches optimal performance with a 90/10 ratio but demonstrates sat-
isfactory accuracy (97.2%) and Fl-score (97%). This level of success continues even when the proportion
is reduced to 50/50, where performance remains at 93.7% accuracy together with an Fl-score of 94%. The
model shows effective operation based on distinct training data availability levels in these results.

Table 6: Performance results with different training/testing ratios on the dataset.

Evaluation metrics
Training/Testing Accuracy Sensitivity Specificity F1-score

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%

Figure 9 represents the K-Fold cross-validation process utilized throughout the training phase. The technique
separates the data into 10 equivalent sections by allowing the model to learn from nine parts while validating
using the remaining segment. Different partitioning is used ten times before averaging the final performance
metrics. Testing every data point multiple times with this method decreases the likelihood of overfitting.

K=10

Figure 9: Technique cross-validation with a K-fold.

Table 7 presents a performance benchmark between the proposed model and several advanced pre-trained
models that function as feature extractors. The proposed model delivers superior performance than the other
configurations including DenseNet121, MobileNetV2, VGG19, InceptionV3, and Xception. The combina-
tion of VGG16 and SVM reaches 97.2% accuracy while performing within 319.7 seconds of processing time,
demonstrating its superior characteristics over DenseNet121+SVM. SVM functions as a classification module
that receives inputs from VGG16 features. A proposed model using VGG16 features as extraction backbone
reached 97.2% accuracy and 100% sensitivity with 98.8% specificity alongside 97% F1-score. The model
needed 319.7 seconds (F;) to process, representing an acceptable timing period because of its superior out-
come. Our proposed model outperformed MobileNetV2 and DenseNet121 in terms of balance between perfor-
mance and efficiency because it reached accuracy rates of 94.4% and 95.9% while requiring 636.2s and 384.6s
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Table 7: Performance results obtained with 90/10 training/testing ratio using different pre-trained mod-
els(feature extractor) and SVM(classifier).

Evaluation metrics

Models Accuracy Sensitivity = Specificity Fl-score  P;(sec)
InceptionV3+SVM 83.8% 98% 91.7% 83% 357.7
MobileNetV2+SVM  94.4% 99% 96.7% 94% 636.2
Xception+SVM 92.4% 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

in computation time. Combining InceptionV3 with SVM and Xception with SVM achieved lower F1-scores
(83% and 92% respectively) than our proposed method because these models demonstrated reduced classifi-
cation capabilities. The visual analysis presented in Figure 10 showcases confusion matrices that compare the
proposed model results and four different alternative classification models, which include VGG16+XGBoost,
VGG16+KNeighbors, VGG16+Decision Tree, and VGG16+AdaBoost. The matrices demonstrate a compre-
hensive assessment of model predictive excellence by displaying the correct classification of glioma, menin-
gioma, pituitary tumor and no tumor. The proposed model displays distinguished performance according to
Figure 10a by showing true positives as dominant elements on the diagonal while maintaining minimal to no
erroneous classifications off the diagonal. The model demonstrates an outstanding ability to differentiate tumor
types and detect tumors’ absence. The XGBoost-based model generates adequate outcomes across most sce-
narios (Figure 10b) despite showing dispersed misidentification of glioma cases. Gliomas and meningiomas
exhibit high levels of confusion when subjected to the KNeighbors classifier (Figure 10c) even though this
model demonstrates effective pituitary tumor classification. Separate from other models, the Decision Tree
model produces inferior results because it creates multiple incorrect categorizations for different brain tumor
types, particularly between no-tumor and meningioma cases (Figure 10d). According to Figure 10e, the Ad-
aBoost classifier performs moderately with pituitary tumors. However, it demonstrates a significant decrease
in accuracy when detecting gliomas and meningiomas, thus creating potential risks during medical diagnosis
through potential negative results. A direct comparison between the proposed hybrid model confusion matrix
and the baseline VGG16 model confusion matrix using a softmax classifier can be found in Figure 11. The
softmax-based classifier proofs to be practical yet produces more misclassifications than the hybrid model
proposed in this study (Figure 11b). portability and diagnosis inaccuracies are more pronounced when de-
tecting glioma and meningioma tumors. The data in Table 8 illustrates that the proposed model outperforms
the baseline by achieving a test accuracy of 94.4% and 97.2% , respectively. Diagnostic reliability improves
significantly through the proposed model because it shows 100% sensitivity and 98.8% specificity. The pro-
posed model operates with better computational efficiency because it needs 319.7 seconds for inference rather
than the 734.5 seconds needed by VGG16+Softmax. This research confirms the effectiveness of uniting sup-
port vector machine (SVM) classification heads with deep feature extractors because it enhances diagnostic
precision and computational speed.

Table 8: Comparison between the proposed model and the baseline VGG 16 model with softmax classifier.

Evaluation Metrics

Model Train Accuracy Test Accuracy Sensitivity Specificity P, (sec)
Proposed model 100% 97.2% 100% 98.8% 319.7
Baseline VGG16 99.3% 94.4% 99% 98% 734.5

The ROC (Receiver Operating Characteristic) curves of Figure 12 present valuable assessments for measur-
ing classification models through their separation capabilities between positive and negative instances for all
classes. ROC and receiver operating characteristic (ROC) curves represent the sensitive detection rate against
the false alarm rate in a two-dimensional graph that illustrates model operating thresholds. The proposed model
(Figure 12a) exhibits exceptional class discriminating ability as its AUC (Area Under the Curve) reaches 1.0
for your pathologic classes of glioma, meningioma, and pituitary tumor and no tumor class. The model can
differentiate various classes at an advanced level while controlling ambiguity in classification boundaries. The
near-perfect ROC curve indicates minimal distribution overlap between positive and negative classes, which is
vital for medical diagnostics, particularly in early-stage tumor detection of subtle features. The ROC curves of
other models deviate significantly from the perfect diagonal pattern. The performance of VGG16+AdaBoost
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Figure 10: Confusion matrices for the (a) proposed model, (b) VGG16+XGBoost, (c) VGG16+KNeighbors,
(d) VGG16+Decision Tree, and (¢) VGG16+AdaBoost. These matrices illustrate classification performance
across tumor types.

(Figure 12e) and VGG16+Decision Tree (Figure 12d) reflects in reduced AUC metrics as well as flatter curves
which result in diminished class discrimination abilities. Clinical scenarios prefer models that produce fewer
false positives and negatives while detecting cancer diagnoses. The performance of VGG16+KNeighbors
classifies as moderate, although this model trails below the overall results achieved by the proposed model
(Figure 12c). Implementing VGG16+XGBoost (Figure 12b) delivers impressive results but cannot replicate
the same consistent class performance demonstrated by the introduced model. The proposed hybrid model has
passed additional tests that prove its strong clinical use in medical situations that require precise and accurate
diagnosis. The proposed model achieved results which are displayed according to class performance metrics in
Table 9. The examination results demonstrate reliable high performance throughout all four diagnostic groups.
In medical diagnosis, the proposed model demonstrated 100% perfect recall to detect pituitary tumors, thus
ensuring complete detection of tumor cases. In predicting gliomas and meningiomas, the model achieved a
95% recall rate, and no incorrect diagnoses were found when measuring with 98% recall followed by 99% pre-
cision accuracy. The model shows excellent performance in diagnosing tumors, whether positive or negative.
The measured F1-scores demonstrated acceptable reliability for clinical use since they ranged between 95%
to 99% while ensuring both classes maintained their sensitivity and precision levels. The performance metrics
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Figure 11: Confusion matrices for classification using (a) the proposed model and (b) the baseline VGG16
model with softmax classifier.
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Figure 12: ROC curves for different classification models. The proposed model (a) demonstrates the highest
AUC values, indicating superior class discrimination capability. In contrast, models (b) through (e) show
relatively lower performance distinguishing tumor types.

for the VGG16+XGBoost classifier appear in Table 10. XGBoost predictions maintain reliable accuracy rates,
but its glioma diagnosis has reduced performance and generates excessive wrong pessimistic results with an
84% recall rate. The practice of recalling critical medical emergencies should not present lower diagnostic
rates.

Results from this approach reached high stability levels but missed the targets set by the proposed method.
Table 11 shows the metrics for VGG16+AdaBoost. The model demonstrates poorly performing results mostly
among meningioma and glioma tumor cases. The F1l-score for meningioma reaches only 56%, and glioma
yields 69%. The results demonstrate the difficulty of achieving sufficient false positive and false adverse
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Table 9: Performance metrics using proposed model

Evaluation metrics

Class Precision Recall Fl-score
No tumor 99% 98% 99%
Glioma 98% 95% 97%
Meningioma 95% 95% 95%
Pituitary 96% 100% 98%

Table 10: Performance metrics using VGG16+XGBOOST classifier

Evaluation metrics

Class Precision Recall Fl-score
No tumor 95% 96% 96%
Glioma 97% 84% 90%
Meningioma 94% 93% 89%
Pituitary 94% 97% 96%

prevention by this model. The precision value of 92% achieved by the pituitary tumor class stands out, but
general performance issues prevent this model from reaching practical reliability. The classification metrics
for the VGG16+Decision Tree model are presented in Table 12.

Table 11: Performance metrics using VGG16+AdaBoost classifier

Evaluation metrics

Class Precision Recall Fl-score
No tumor 88% 77% 82%
Glioma 69% 70% 69%
Meningioma 50% 63% 56%
Pituitary 92% 82% 87%

The model achieves a modest outcome by reaching an F1-score of 80% for identifying pituitary tumors. The
diagnosis threshold for medical-grade identification lies outside the acceptable range for meningioma, along
with every other tumor category. The results raise significant concerns because patients have a 70% chance of
glioma and a 60% chance of meningioma misdiagnosis. The Decision Tree model operates quickly, although
its unreliable performance makes it unsuitable for practical applications. Finally, Table 13 outlines the perfor-

Table 12: Performance metrics using VGG16+Decision Tree classifier

Evaluation metrics

Class Precision Recall Fl-score
No tumor 78% 74% 76%
Glioma 80% 70% 74%
Meningioma 50% 60% 55%
Pituitary 79% 81% 80%

mance of the VGG16+KNeighbors classifier. This model performs better than AdaBoost and Decision Tree,
with relatively strong results for pituitary (94% F1) and no tumor (91% F1). However, glioma prediction is
slightly inferior to the proposed model (88% F1 vs. 97%), and meningioma still presents difficulty, achieving
only 80% F1-score. While better balanced than some models, it does not match our proposed method’s high

accuracy and precision.

The VGG16+SVM hybrid model has established its superiority through complete testing of various machine
learning setups. Testing shows that this model produces superior results than standard classifiers and deep
learning-based approaches across every essential measurement such as accuracy and F1-score and sensitivity
and specificity. A test accuracy standing at 97.2% , sensitivity at 100%, and specificity at 98.8% make the
proposed method ideal for medical diagnostic purposes requiring minimizing false negatives and false pos-
itives. The model demonstrates great generalization ability along with robust behavior because it continues
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Table 13: Performance metrics using VGG16+KNeighbors classifier

Evaluation metrics

Class Precision Recall Fl-score
No tumor 90% 91% 91%
Glioma 84% 93% 88%
Meningioma 87% 75% 80%
Pituitary 94% 94% 94%

to perform well under different training-to-testing ratios documented through laboratory experiments. The
model demonstrates dependable clinical readiness because it maintains equal precision and recall rates across
every tumor category. The model achieves exceptional computational performance as its main advantage. The
proposed model achieves classification accuracy at a moderate computational cost even though MobileNetV?2
and DenseNet121 need extensive processing times for similar accuracy levels. This proposed model provides
superior accuracy alongside moderate computational expenses that total 319.7 seconds, thus making it suit-
able for near-real-time diagnostic settings. The proposed model demonstrates its superiority by analyzing the
confusion matrix and ROC curve. The visual representations of this approach show superior performance in
detecting tumors and clear separation between normal and diseased tissues. The combination of SVM with
the hybrid system achieves higher accuracy than baseline VGG16+Softmax and operates at speeds exceeding
50% faster. The VGG16+SVM model delivers extensive diagnostic improvements that enhance performance
accuracy, system efficiency, and reliability when processing different types of tumors. This tool presents an
advanced diagnostic instrument that can benefit computer-aided diagnosis systems because it offers balanced
scoring with low error rates for brain tumor diagnosis in clinical practice.

4 Conclusions and future work

Our research implements a classification model that combines VGG16 as its deep feature extraction stage with
a Support Vector Machine (SVM) operating as a classification header. The VGG16 network passes its learned
deep features to an SVM classifier, completing the decision-making functions. This combination leverages
the powerful feature representation capabilities of deep learning with the robust classification ability of tradi-
tional machine learning. The proposed model demonstrates successful detection of brain tumors with 97.2%
classification accuracy and high reliability through our results. Our approach demonstrates the feasibility of
integrating into existing clinical practice to deliver swift tumor diagnosis that enhances front-line healthcare
support. Our approach for future work includes two methods: gathering a substantially larger dataset with
more diversity and building high-quality synthetic data through GAN technology. Due to its improved re-
search capabilities, the expanded dataset makes better subtype performance assessments possible. Additional
research should concentrate primarily on developing interpretability features of the model until it achieves an
acceptable standard. The current deep learning-based system operates as a black box due to its unexplainable
workings, which prevents users from understanding individual prediction reasoning. The interpretability of
predictive decisions will benefit from visualization tools, which include methods such as saliency maps and
Grad-CAM features with attention-based mechanisms to produce supportive explanations from the model. The
medical community and patients need complete explanations from Al tools that increase accuracy and provide
clinical dependability and explanation for their outputs. Future advancements in this research should combine
data variety with clear explanations of Al decisions to produce better medical diagnostic Al solutions that
clinicians and patients can accept.
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