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1. Introduction 
As the central organ of the nervous system, the brain regulates all bodily functions [1], [2] This 

incredibly complex organ, composed of over 100 billion cells, can develop abnormal growths known as 

brain tumors [3], [4], [5], [6] These tumors originate from the unregulated growth of cells in or around 

the brain. Brain tumors occur when brain cells grow abnormally within the brain. Brain tumor patients 

experience a variety of focal and general symptoms. Brain tumors are the tenth leading cause of mortality 

for both males and females [7]. The annual mortality rate from brain tumors is 4.25 per 100,000 

individuals, and the global incidence of brain tumors continues to rise each year [7]. 
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 The human brain plays a vital role in regulating bodily functions, and 

abnormal cell growth may lead to life-threatening brain tumors. 

Automated computer-aided diagnosis systems are therefore essential to 

support early detection from MRI images. This study investigates brain 

tumor classification using Gray Level Co-occurrence Matrix (GLCM) 

feature extraction combined with Support Vector Machine (SVM) 

classification. Unlike prior works that typically employ a single kernel 

configuration, this study conducts a systematic comparison of four SVM 

kernels: linear, polynomial, radial basis function (RBF), and sigmoid under 

a consistent preprocessing pipeline and structured hyperparameter tuning 

framework.  GLCM features, including energy, contrast, correlation, and 

homogeneity, were extracted at multiple distances and angles. Kernel 

performance was evaluated using controlled hyperparameter search 

procedures to ensure fair comparison across models. Experimental results 

on a binary MRI dataset consisting of 2,800 images demonstrate that the 

RBF kernel achieved the highest accuracy of 96% with C = 100 and gamma 

= 10, outperforming polynomial (74%), linear (72%), and sigmoid (71%) 

kernels. The findings highlight the importance of systematic kernel 

evaluation and parameter sensitivity analysis in texture-based medical image 

classification. The proposed GLCM–SVM framework provides a 

computationally efficient and interpretable approach that may support 

preliminary decision-aid systems for brain tumor screening.  
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Various computer vision technologies, including face recognition and tumor detection, have been 

widely developed in recent years to automate object identification in digital images. One of the most 

impactful applications is in the field of medical image analysis, which supports early disease diagnosis 

such as brain tumor detection [8]. Medical image analysis is one of many methods employed for early 

detection [9], [10]. While X-rays and CT scans provide limited information, MRI scans offer high-

quality images that can clearly distinguish between soft and hard tissues in the brain, making them 

highly sensitive for detecting brain tumors [11], [12], [13], [14]. While manual diagnosis relies on biopsy 

and direct observation of brain tumors, these methods are time-consuming due to laboratory processing 

and prone to human error [15]. Consequently, automated computer-aided diagnosis offers a more 

efficient solution for clinicians. 

In previous works, AI has also been used to model nonlinear systems and classify emotional patterns 

from text, showing the flexibility of machine learning methods in various domains [16]. Previous 

research by Ghazvini et al. [17] discussed the classification of brain tumor types based on glioma images 

using the Support Vector Machine method. This study employed the SVM algorithm to categorize 

glioma and meningioma images. The methodology involved data collection from the Kaggle benchmark, 

preprocessing (scaling and grayscale conversion), segmentation using binary thresholding, feature 

extraction using the GLCM, and a classifier using SVM with a linear kernel. The model was evaluated 

on a dataset of 100 images (50 for each class), with 24 images used for testing. The results demonstrated 

a promising accuracy of 91% in classifying brain tumor types. 

Another study by Farghaly and Deshpande (2024) focused on classifying COVID-19 cases using 

texture-based features, including Gray Level Co-occurrence Matrix (GLCM), combined with 

conventional machine learning classifiers such as Support Vector Machine (SVM), applied to chest X-

ray images [18]. The dataset was collected from publicly available sources and consisted of COVID-19, 

viral pneumonia, and normal chest X-ray images. The research process involved image acquisition, 

preprocessing, texture feature extraction using GLCM, classification using SVM, and performance 

evaluation. The results demonstrated that the SVM-based approach achieved high classification accuracy 

in distinguishing COVID-19 from other respiratory conditions, highlighting the effectiveness of texture-

based machine learning methods in medical image analysis. 

Research conducted by Li et al. [19], discussed facial expression recognition using machine learning 

approaches, including texture-based feature extraction methods such as Gray Level Co-occurrence 

Matrix (GLCM). In this study, facial images were processed to extract texture features that represent 

variations in facial patterns associated with different expressions. These features were then classified using 

machine learning algorithms to identify basic facial expressions. The findings indicated that texture-

based methods can effectively capture facial expression characteristics, although the recognition accuracy 

varied across different expression categories. 

The application of AI in healthcare parallels its expanding use in human resource and organizational 

performance domains [20]. Based on previous studies, this research employs a three-step process for 

brain tumor classification. The process begins with preprocessing and feature extraction using the Gray 

Level Co-occurrence Matrix (GLCM) to extract information from each MRI image. The extracted 

GLCM features include energy, contrast, homogeneity, and correlation. The final step is classification 

using Support Vector Machine (SVM). SVM is selected due to its superior ability to handle classification 

problems by finding the optimal hyperplane between classes and controlling decisions based on the 

chosen kernel [21]. In this study, linear, RBF, polynomial, and sigmoid kernels are utilized. The 

combination of these methods is expected to yield more accurate classification results. 

Previous studies applying GLCM–SVM for medical image classification often vary considerably in 

terms of dataset size, number of MRI samples, preprocessing techniques, and selected GLCM parameter 

configurations such as angle and distance. Some works evaluate a single kernel without systematic 

comparison, while others apply different experimental splits or limited hyperparameter exploration. 

These methodological differences make it difficult to directly compare reported accuracy values across 

studies and reduce the clarity of kernel-specific performance behavior [22], [23]. 
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Despite numerous studies applying GLCM and SVM for brain tumor image classification, many of 

them differ in preprocessing strategies, hyperparameter search spaces, and evaluation protocols, making 

direct comparison difficult. The primary contribution of this study is not merely identifying the best-

performing kernel, but establishing a structured and controlled comparison framework to systematically 

evaluate SVM kernel behavior under identical preprocessing, feature extraction, and hyperparameter 

tuning conditions for brain tumor MRI classification. All kernels are evaluated using the same 

preprocessing pipeline, GLCM feature configuration, and hyperparameter search framework to ensure 

methodological fairness. Furthermore, this research investigates the impact of GLCM distance and angle 

configurations on classification performance while implementing reproducible hyperparameter 

optimization using GridSearchCV with a fixed train–test split. By emphasizing experimental consistency, 

transparency, and robustness, this work positions itself as a methodological benchmark rather than 

simply reporting the highest accuracy. 

To the best of our knowledge, limited studies have explicitly combined structured GridSearch-based 

hyperparameter optimization with systematic SVM kernel comparison under identical GLCM 

preprocessing conditions for brain tumor MRI classification. While prior works have employed GLCM 

features and SVM classifiers, many focus primarily on reporting accuracy outcomes without detailing 

controlled cross-kernel evaluation or reproducible hyperparameter search strategies. The present study 

contributes by integrating these components within a unified and transparent experimental framework. 

2. Method 
This study employs a structured experimental framework to evaluate the performance of Support 

Vector Machine (SVM) kernels for brain tumor MRI classification using texture-based feature 

extraction. The overall workflow of the proposed approach is illustrated in Fig. 1. The framework 

consists of five main stages: dataset preparation, preprocessing, feature extraction using Gray Level Co-

occurrence Matrix (GLCM), kernel-based SVM classification with hyperparameter tuning, and 

performance evaluation. 

The research begins with the acquisition of a 2,800-image MRI dataset categorized into tumor and 

non-tumor classes. A preprocessing stage is subsequently applied to standardize image inputs and 

enhance feature consistency. Texture features are then extracted using GLCM, focusing on four 

statistical descriptors: energy, contrast, correlation, and homogeneity. These features are used as input 

to SVM classifiers with four different kernel functions: linear, polynomial, radial basis function (RBF), 

and sigmoid, under controlled hyperparameter search procedures. Finally, model performance is 

evaluated using confusion matrix-based metrics to ensure consistent and fair comparison across kernels. 

 

Fig. 1. Overview of the proposed research workflow for GLCM-based feature extraction and SVM kernel 

comparison in brain tumor MRI classification. 



456 International Journal of Advances in Intelligent Informatics   ISSN 2442-6571 

 Vol. 12, No. 2, May 2026, pp. 453-471 

 

 

 Kraugusteeliana et al. (Comparison of SVM kernels in brain tumor image classification using GLCM feature extraction) 

2.1. Dataset Collection 
The dataset used in this study was obtained from the Kaggle repository titled “BraTS 2019 

(Train/Test/Valid)” uploaded by Aryan Felix. This dataset represents a reorganized version of MRI slices 

derived from the BraTS 2019 collection and has been structured for binary classification purposes, where 

images are categorized into two folders: “yes” (tumor) and “no” (non-tumor), as seen in Fig. 1. It is 

important to emphasize that this study does not directly use the original BraTS 2019 segmentation 

challenge dataset. Instead, it utilizes the binary-class version provided on Kaggle. The dataset consists of 

2,800 MRI images, comprising 1,400 tumor and 1,400 non-tumor images. The labels provided in the 

Kaggle repository were adopted as-is without additional modification, and no segmentation masks were 

used in this study. 

  

  
 

(a) No-Tumor 

  
 

 
 

(b) Tumor 

Fig. 2. Representative MRI slices from the Kaggle “BraTS 2019 (Train/Test/Valid)” dataset structured for binary 

classification: (a) Non-tumor images and (b) Tumor images. 

Fig. 2 illustrates representative examples from both classes. The non-tumor images show normal 

anatomical brain structures without abnormal mass formations, whereas the tumor images exhibit visible 

irregular tissue regions and abnormal intensity patterns characteristic of tumor presence. These variations 

in texture and intensity distribution motivate the use of texture-based feature extraction methods such 

as GLCM for distinguishing between the two classes. 

2.2. Preprocessing 
Prior to image classification, all images undergo a preprocessing stage. Preprocessing is the initial 

step taken to improve image quality and facilitate subsequent analysis or information extraction. The 

main objectives of preprocessing include noise reduction, image enhancement, object segmentation, and 

simplification of subsequent processes [24]. By simplifying the image data, the preprocessing stage 

contributes to improved accuracy and efficiency in classification tasks. 

 The preprocessing stage begins with data partitioning, where 20% of the dataset is allocated for 

testing and 80% for training. The dataset was partitioned using a fixed random_state parameter to ensure 

reproducibility and consistency of the train–test split across experimental runs. Next, color space 

conversion is performed to convert the images from RGB color space to grayscale representation, thereby 

reducing the dimensions and computational complexity. To cope with variations in image size, all images 

were resized to the standard dimension of 192x192 pixels. This dimension was chosen because it is 

considered to be a good match between computational efficiency and preserving image details. Finally, 
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Min-Max normalization was applied to rescale pixel intensities from the original range of 0-255 to 0-1, 

facilitating a more uniform distribution of values. 

2.3. Feature Extraction 

This research study the Gray Level Co-occurrence Matrix (GLCM) technique for the extraction of 

image texture features [22], [25]. It is a mathematical model that defines the spatial relationship between 

pixel pairs with specific intensities in an image. The GLCM is a 2D matrix that counts the frequency of 

pixel pairs with specific intensities at a given distance and angle. GLCM provides information about the 

interaction between pixel intensities in an image, enabling more detailed texture analysis. Precise tracking 

and extraction of spatial features are critical to ensure discriminative texture representation, a concept 

also supported by findings in motion analysis using hybrid approaches such as Kalman filters [26]. 

 In this study, the feature extraction process using GLCM starts with another image 

preprocessing step to improve the accuracy of the data. The integration of interactive visual 

representations has shown to enhance pattern recognition in digital systems [27]. Next, GLCM 

parameters such as distance and angle are determined. Calculations are performed for each parameter 

combination. This research uses GLCM matrix parameters with angles of 0°, 45°, 90°, and 135°, and 

distances of 1, 2, and 3 pixels [25], [28]. The purpose of using various distances and angles is to identify 

the optimal combination that will improve classification accuracy. For each pixel, the frequency of 

occurrence of pairs of pixels with corresponding intensities was calculated and entered into the GLCM 

matrix. Next, various GLCM features are extracted. In this study, four features are used: energy, contrast, 

correlation, and homogeneity [29]. 

• Energy 

Energy (E) is a feature that reflects the intensity level of pixels in an image, with higher energy values 

signifying greater similarity between the pixels [30]. Energy can be calculated using Equation 1: 

𝐸𝐸 = ∑ ∑ 𝑃𝑃𝑦𝑦 (𝑥𝑥,𝑦𝑦)2𝑥𝑥   (1) 

• Contrast 

Contrast (I) is a feature that measures the difference between two or more images, whether the 

difference is caused by brightness or color variations in each image [30]. Contrast can be calculated 

using Equation 2: 

𝐼𝐼 = ∑ ∑ (𝑥𝑥,𝑦𝑦)2
𝑦𝑦𝑥𝑥 𝑃𝑃(𝑥𝑥,𝑦𝑦)  (2) 

• Correlation 

Correlation (C) is a feature that evaluates the relationship between gray levels of pixel pairs in an 

image, reflecting the correlation between the linear grayscale and the level of similarity [30]. 

Correlation can be calculated using Equation 3: 

𝐶𝐶 =
∑ ∑ (𝑥𝑥−𝜇𝜇𝑠𝑠)(𝑦𝑦−𝜇𝜇𝑣𝑣)𝑦𝑦 ∗𝑃𝑃(𝑥𝑥,𝑦𝑦)𝑥𝑥

𝜎𝜎𝑠𝑠𝜎𝜎𝑣𝑣
  (3) 

• Homogeneity 

Homogeneity (H) is a feature that describes the degree of similarity between gray levels in an image. 

The more similar the pixels in an image, the higher the homogeneity value [30]. Homogeneity can 

be calculated using Equation 4: 

𝐻𝐻 = ∑ ∑ 1
1+|𝑥𝑥−𝑦𝑦|2

𝑃𝑃(𝑥𝑥,𝑦𝑦)𝑦𝑦𝑥𝑥   (4) 

After the process is complete, the GLCM values or patterns and angular distance combinations 

obtained from each image will be transformed. Each image that has a new pattern will have a different 
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GLCM value. Each of these features provides specific information about the texture pattern of the image 

that can be used in the classification process. 

2.4. Classification 
SVM (Support Vector Machine) is a widely used machine learning algorithm for image processing 

tasks, including classification and regression [31]. The algorithm works by finding the best decision 

boundary or hyperplane that can divide the n-dimensional space into classes, thus enabling rapid 

classification of new data. The hyperplane itself is a function that acts as a separator between classes. It 

is obtained from finding the support vector or the outermost data point of a class. The outermost data 

type is used as a reference to create a dividing line, called a hyperplane, so as to separate different classes. 

In image processing, SVMs are used to classify images based on features extracted from the image. SVMs 

can be categorized into two types: Linear SVMs and non-linear SVMs [31]. Linear SVMs are employed 

for data that can be divided into two classes using a straight line, and these are referred to as linear SVM 

classifiers. On the other hand, a non-linear SVM is used for data that cannot be separated by a straight 

line or datasets that cannot be classified linearly [32]. For the data in this study, a non-linear SVM 

classifier is used. 

The SVM classification process begins by inputting training data to train the classification model. 

Training is conducted by experimenting with various kernels and SVM parameters to determine the 

optimal combination for the given dataset. The kernels used are: sigmoid, linear, polynomial, and RBF 

(Radial Basis Function), each with different mathematical properties that influence the decision 

boundary [32], [33], [34]. The parameters used include: C, which manages the balance between 

maximizing the margin and minimizing training errors; gamma, which defines the impact of a single 

training example; and degree, which specifies the polynomial order of the polynomial kernel [30]. By 

tuning these parameters, the model's performance can be optimized for the specific classification task. 

This process is similar to quality assurance efforts in software development, where parameter tuning 

ensures optimal system performance [35]. 

• Linear Kernel 

The linear kernel is used to analyze linearly separable data and has many features for various types of 

data [30]. The linear kernel can be calculated using Equation 5. 

𝐾𝐾(𝑥𝑥, 𝑥𝑥2) = 𝑥𝑥𝑇𝑇𝑥𝑥𝑖𝑖  (5) 

 

Fig. 3. Linear Kernel [26]. 

Fig. 3 shows that a low value of C(10) results in wide margins with small error margins, and tends 

to ignore points near the decision boundary. In contrast, a high value of C(100) narrows the margin and 

results in a larger margin of error [36], [37], [38]. 
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• Polynomial Kernel 

The polynomial kernel is applied to non-linear data to address problems once all the training data 

has been normalized. The polynomial kernel is calculated using Equation 6. 

𝐾𝐾(𝑥𝑥, 𝑥𝑥i) = (y(𝑥𝑥𝑇𝑇𝑥𝑥𝑖𝑖) + 𝑟𝑟)𝑑𝑑  (6) 

 

Fig. 4. Polynomial Kernel. 

Fig. 4 shows that the degree of the polynomial kernel affects the flexibility of the decision boundary. 

A higher degree makes the model more flexible, but if the degree is too high, it can cause overfitting, 

where the model becomes overly tailored to the training data, leading to reduced accuracy on new, 

unseen data [39]. 

• RBF (Radial Basis Function) Kernel 

The RBF kernel is used to handle various types of data with efficient computation, resulting in 

accurate values. The RBF kernel is calculated using Equation 7. 

𝐾𝐾(𝑥𝑥, 𝑥𝑥i) = exp(−y�|𝑥𝑥 − 𝑥𝑥𝑖𝑖�|2)  (7) 

As shown in Fig. 5, smaller gamma values (left panel) result in decision boundaries similar to linear 

SVMs. In contrast, larger gamma values (right panel) cause the decision boundary to be heavily 

influenced by the support vectors, potentially leading to overfitting. 

  

Fig. 5. RBF Kernel. 
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• Sigmoid Kernel 

The sigmoid kernel is a type of kernel that activates artificial neurons based on the derivative of a 

neural network [30]. The sigmoid kernel is calculated using Equation 8. 

𝐾𝐾(𝑥𝑥, 𝑥𝑥i) = tanh(y(𝑥𝑥𝑇𝑇𝑥𝑥𝑖𝑖) + 𝑟𝑟)  (8) 

 

Fig. 6. Sigmoid Kernel. 

Fig. 6 shows that too large a gamma value on the sigmoid kernel can lead to a decrease in classification 

accuracy, although this depends on the number of features used. In particular, a larger number of features 

tends to correspond to a smaller gamma value, and vice versa [39]. Each kernel is used to train a model, 

which is then tested on a testing dataset. The objective of training with various kernels is to identify the 

optimal SVM model for classifying brain tumor MRI images. After model training, these models are 

subsequently evaluated on a held-out test set using a confusion matrix.  

Although deep learning approaches such as Convolutional Neural Networks (CNNs) have 

demonstrated strong performance in medical image analysis, this study intentionally focuses on GLCM-

based feature extraction combined with SVM classification. The objective of this work is not to compete 

with deep learning models, but to establish a controlled and interpretable evaluation framework for 

classical kernel-based learning under identical experimental conditions. 

The GLCM method produces a compact and structured feature vector, making it well-suited for 

SVM models, which perform effectively in moderate-dimensional spaces. Compared to CNN 

architectures, SVM requires significantly lower computational resources, offers faster training time, and 

provides clearer interpretability of decision boundaries. Moreover, in scenarios with limited dataset size 

and computational infrastructure, traditional machine learning approaches remain practical, stable, and 

reproducible alternatives. Therefore, this study focuses on systematically evaluating SVM kernel behavior 

within a controlled texture-feature setting, while deep learning-based comparisons may be explored in 

future research. 

2.5. Model Evaluation 
The model evaluation stage is the final stage of this research, where GLCM-SVM models that have 

been trained with linear, polynomial, RBF, and sigmoid kernels are compared to determine the most 

effective kernel and determine the best parameter combination for data classification.  The evaluation is 

done using the main metric of the confusion matrix. 

The confusion matrix is used to evaluate the performance of the prediction method by measuring 

the accuracy of the classification process. By comparing the model prediction with the actual value of 

the test data, the confusion matrix will show how the classification model performs. In the evaluation 
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stage, several experiments will be conducted involving the GLCM-SVM algorithm. This research will 

employ a confusion matrix to evaluate the accuracy, precision, recall, F1-score of various kernels [40], 

[41]. 

3. Results and Discussion 
In this study, the test scenario involved splitting the dataset into two parts: training data and test 

data, with an 80:20 ratio. This resulted in 2240 images for training and 560 images for testing. This 

division aims to ensure that the model can effectively learn from the training and testing data, resulting 

in optimal results. The images are then pre-processed and subjected to GLCM feature extraction using 

a variety of angles to determine the angles that provide the highest accuracy. Four GLCM features, 

namely energy, contrast, correlation, and homogeneity, were used in this study. Each scenario was tested 

on a different SVM kernel to compare which kernel was optimal for the study. 

3.1. GLCM Test Result 
In this study, GLCM parameter evaluation consisted of two experiments: angular variation and 

distance variation. The angular experiment assessed different orientation parameters (θ) in the formation 

of the GLCM matrix to identify configurations that capture representative texture characteristics. Four 

orientations were tested: 0°, 45°, 90°, and 135°. Distance variation was also examined to analyze spatial 

relationships at different pixel separations (d = 1, 2, and 3). The results of these combinations are 

presented in Table 1. 

Table 1 presents the “Average Score” obtained for each distance–angle combination. The “Average 

Score” represents the mean aggregated value of the four extracted GLCM features (energy, contrast, 

correlation, and homogeneity) computed across all training images. Prior to aggregation, feature values 

were kept in their computed scales, and for each MRI image, the four features were summed to obtain 

a combined texture magnitude indicator. These values were then averaged across the dataset to provide 

a comparative reference for each parameter configuration. It should be emphasized that this aggregated 

score does not directly represent classification performance. Instead, it serves as an exploratory indicator 

of overall texture intensity under different GLCM parameter settings. The final evaluation of model 

effectiveness was determined exclusively based on SVM classification results on the held-out test set. 

Table 1.  GLCM Combination Test Results. 

Combination Average Score 
Distance Angle 

1 0

o 

275.2774 

1 45

o

 461.8387 

1 90

o

 341.4619 

1 135

o

 465.0850 

2 0

o

 532.0614 

2 45

o

 461.8387 

2 90

o

 600.1222 

2 135

o

 465.0850 

3 0

o

 644.7587 

3 45

o

 705.0052 

3 90

o

 775.6530 

3 135

o

 716.2338 

As shown in Table 1, for distance = 1, the highest score was obtained at angle 135° (465.0850), while 

the lowest occurred at angle 0° (275.2774). For distance = 2, angle 90° produced the highest score 

(600.1222). For distance = 3, the combination of angle 90° yielded the highest overall score (775.6530), 

followed by angle 135° (716.2338). Based on this comparative analysis, the configuration of distance = 3 

and angle = 90° was selected for the classification stage as it exhibited the most prominent aggregated 

texture response among the tested combinations. However, model performance validation relied solely 

on classification metrics rather than feature magnitude alone.  
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To further illustrate the statistical behavior of the selected configuration (distance = 3, angle = 90°), 

Fig. 7 presents the mean feature values for both tumor and non-tumor classes, along with their 

variability. The bar chart shows the distribution of the four GLCM features energy, contrast, 

homogeneity, and correlation computed under the selected parameter setting. 

 

Fig. 7. Mean GLCM feature values (distance = 3, angle = 90°) for tumor and non-tumor classes. Error bars 

indicate standard deviation across images. 

As shown in Fig. 7, the contrast feature exhibits the most pronounced difference between tumor and 

non-tumor classes, with higher mean values observed in tumor images. This suggests that tumor regions 

generate stronger intensity variations compared to normal brain tissue. In contrast, energy, homogeneity, 

and correlation display relatively smaller differences between classes, indicating that contrast plays a more 

dominant role in distinguishing texture irregularities in this configuration. The observed separation in 

feature statistics supports the suitability of the selected GLCM parameters prior to classification, 

although final performance evaluation was determined by SVM-based metrics. 

3.2. SVM Test Result 
After obtaining the GLCM distance and angle values, the next step is to evaluate the SVM model. 

This evaluation is done to assess the model's ability to classify brain tumor images. This test involves 

four SVM kernels: linear, polynomial, radial basis function (RBF), and sigmoid. Each kernel uses various 

parameters to determine the optimal parameter combination that produces the highest accuracy. For 

each kernel, several combinations of c, gamma, and degree parameters were tested to identify the optimal 

configuration that maximizes classification accuracy Table 2 presents the combinations of c, gamma, and 

degree parameters used in this study. 

The C parameter balances margin width and training error, with smaller C favoring wider margins 

and larger C prioritizing correct classification. Gamma controls the impact of individual data points in 

non-linear kernels.  A high gamma value results in a very tight decision boundary, which can lead to 

overfitting, whereas a low gamma produces a smoother and simpler boundary but may result in 

underfitting. The polynomial kernel's degree parameter determines the complexity of the decision 

boundary. A lower degree results in a simpler model, while a higher degree creates a more complex 

model, potentially leading to overfitting. Optimizing C, gamma, and degree is essential for achieving a 

balanced model that accurately captures patterns without compromising generalization. 
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Table 2.  SVM Kernel Parameters. 

Kernel Parameters 
C Gamma Degree 

Linear 0.1, 1, 10, 100, 1000 - - 

Polynomial 0.1, 1, 10, 100 0.001, 0.01, 0.1, 1 2, 3, 4, 5 

Radial Basis Function (RBF) 0.01, 0.1, 1, 10, 100 0.001, 0.01, 0.1, 1, 10  

Sigmoid 0.1, 1, 10, 100, 1000 0.001, 0.01, 0.1, 1, 10  

 

3.2.1. Linear Kernel Test Result 
For the linear kernel, this experiment involves testing five different values of the C parameter: 0.1, 

1, 10, 100, and 1000. These various C values were used to determine the optimal parameter that yielded 

the highest accuracy. The search for the optimal C parameter was conducted using the 

RandomizedSearch CV library. Randomized Search CV is a function that is useful for randomly searching 

for the best hyperparameters from a given set of parameters. 

Fig. 8 shows the accuracy testing results of the linear kernel, indicating that increasing the value of 

parameter C initially improves accuracy, from around 69% at C = 0.1 to stabilizing at approximately 72% 

at C = 10 and beyond. The optimal value of C is C = 10, as further increases do not lead to significant 

changes in accuracy. This stability occurs because the linear kernel can only capture linear relationships 

between features, so increasing C does not enhance the model's flexibility. The resulting accuracy is 

largely limited by the linear patterns in the data and the quality of the features used. 

 

Fig. 8. Linear Kernel Accuracy Results. 

3.2.2. Polynomial Kernel Test Result 
The polynomial kernel was tested using various combinations of C, degree, and gamma parameters. 

The C parameter values used were (0.1, 1, 10, 100), the degree parameter values were (2, 3, 4), and the 

gamma parameter values were (0.001, 0.01, 0.1, 1). Using these combinations allowed for a broader 

exploration to find the optimal parameter configuration. The polynomial kernel parameter tuning was 

performed using GridSearchCV. GridSearchCV is a method for selecting the best combination of model 

and hyperparameters by exhaustively testing all possible combinations and validating each combination. 

The goal is to determine the combination that results in the best model performance for prediction. 

 Fig. 9 illustrates the accuracy of the polynomial kernel model based on combinations of the 

parameters C, degree, and gamma. In general, accuracy increases as the gamma value grows, with the 

best combination being C:10, degree:2, and gamma:1, yielding an accuracy of approximately 70%. 
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Conversely, a small gamma value (0.001) results in an accuracy of around 50%, indicating the model's 

failure to effectively learn patterns. 

 The increase in accuracy with higher gamma values occurs because gamma controls the model's 

sensitivity to the data. A small gamma value makes the model smoother, while a larger gamma allows 

the model to capture more detailed patterns. However, if gamma becomes too large, the risk of 

overfitting increases. A high C value and degree also need to be balanced to prevent the model from 

becoming overly complex. 

 

Fig. 9. Polynomial Kernel Accuracy Results. 

3.2.3. RBF Kernel Test Result 
In this research, the RBF kernel of the Support Vector Machine (SVM) was evaluated using various 

combinations of C and gamma parameters. The C parameter values were (0.01, 0.1, 1, 10, 100) and the 

gamma parameter values were (0.001, 0.01, 0.1, 1, 10). By varying these parameters, we can adjust how 

the model handles non-linear classification problems. The parameter tuning for the RBF kernel was 

performed using GridSearchCV. GridSearchCV is a method for selecting the best combination of model 

and hyperparameters by exhaustively testing all possible combinations and validating each combination. 

The goal is to determine the combination that results in the best model performance for prediction. 

 

Fig. 10. RBF Kernel Accuracy Results. 
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Fig. 10 illustrates that the accuracy of the RBF kernel is affected by the combination of C and gamma 

values. In general, the results show that accuracy increases as both C and gamma grow larger. At lower 

C values (such as C = 0.1), the model produces moderate accuracy, particularly at small gamma values, 

because the decision boundary is still relatively simple. As C increases from 1 to 10, the accuracy improves 

significantly, especially at higher gamma values. This indicates that the model becomes more flexible in 

capturing complex data patterns while still maintaining generalization capability. The highest accuracy 

is achieved at C = 100 with large gamma, reaching approximately 95%. However, such high parameter 

values may increase the risk of overfitting because the model fits the training data very closely. Therefore, 

a more balanced and optimal combination is observed at C = 10 with large gamma (gamma=100), where 

the model achieves high accuracy while maintaining better generalization performance. 

Small gamma values make the model too smooth, failing to capture complex patterns, while large 

gamma values help the model map the patterns well, although the risk of overfitting increases. A large 

C value narrows the decision margin, increasing the model's sensitivity to the data, while a small C value 

makes the model less sensitive to the details. 

3.2.4. Sigmoid Kernel Test Result 
The sigmoid kernel of the Support Vector Machine (SVM) was evaluated using various combinations 

of C and gamma parameters. The C parameter values were (0.1, 1, 10, 100) and the gamma parameter 

values were (0.001, 0.01, 0.1, 1, 10). By varying these parameters, we can adjust how the model handles 

non-linear classification problems. The parameter tuning for the sigmoid kernel was performed using 

GridSearchCV. GridSearchCV is a method for selecting the best combination of model and 

hyperparameters by exhaustively testing all possible combinations and validating each combination. The 

goal is to determine the combination that results in the best model performance for prediction.  

Fig. 11 shows the accuracy of the sigmoid kernel based on the combination of parameters C and 

gamma. Overall, accuracy increases with smaller gamma values (gamma: 0.01 and gamma: 0.1), with a 

larger C value (C: 100) yielding the highest accuracy of around 71%. However, when gamma is too large 

(gamma: 1 and gamma: 10), accuracy drops significantly for all values of C. 

 

Fig. 11. Sigmoid Kernel Accuracy Results.  

This occurs because smaller gamma values make the decision function smoother, allowing the model 

to capture patterns moderately. With a moderate gamma, the model can capture more complex patterns 

without being overly specific, resulting in optimal accuracy. In contrast, a larger gamma makes the 

decision function too sensitive to the data, leading to overfitting and reduced accuracy. A larger C value 

helps the model focus on the details of the patterns, but there is a risk of overfitting if the gamma is not 

appropriately set. 
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From Table 3, it can be observed that the RBF kernel achieves the highest accuracy of 96% with 

parameters C:100 and gamma:10. Meanwhile, the linear kernel achieves an accuracy of 72% with 

parameters C:0.1. This is because the linear kernel can only capture linear relationships between features, 

making it less flexible for recognizing non-linear patterns in brain tumor images. 

The polynomial kernel achieves an accuracy of 74% with parameters C:100, gamma:1, and degree:3. 

While the polynomial kernel can capture non-linear patterns, its performance depends on the degree of 

the polynomial. A degree that is too high can lead to overfitting, whereas a low degree might lack the 

complexity needed to model patterns in the data. 

Table 3.  Test Result Kernel SVM. 

Kernel Best Parameter Accuracy 

Linear C: 0.1 72% 

Polynomial 

C:100 

Gamma: 1 

Degree: 3 

74% 

RBF 

C: 100 

Gamma: 10 

96% 

Sigmoid 

C: 10 

Gamma: 0.01 

71% 

Lastly, the sigmoid kernel achieves an accuracy of 71% with parameters C:10 and gamma:0.01. The 

sigmoid kernel is often used as an activation function in neural networks but does not always perform 

optimally in SVM. It tends to be sensitive to the parameters C and gamma and is prone to underfitting, 

making it less effective in separating complex data patterns. Although the RBF kernel demonstrates the 

highest classification performance, this finding is consistent with theoretical expectations for non-linear 

texture classification problems. Therefore, the main contribution of this study is not merely identifying 

the best-performing kernel, but demonstrating that the observed performance differences remain stable 

under identical preprocessing pipelines, GLCM feature configurations, and hyperparameter search 

spaces. By ensuring methodological consistency across all experiments, this study provides a controlled 

and reproducible benchmarking framework for evaluating SVM kernels in brain tumor MRI 

classification. To further ensure robustness, hyperparameter tuning was performed using GridSearchCV, 

and model performance was evaluated exclusively on a held-out test set to prevent data leakage. 

 

Fig. 12. Confusion Matrix RBF Kernel. 

The confusion matrix above shows the evaluation results for the RBF kernel. This kernel is able to 

classify the data well. However, there are still some misclassifications, with 16 instances of class 0 (no 

tumor) wrongly identified as class 1 (tumor), and 5 instances of class 1 (tumor) incorrectly classified as 

class 0 (no tumor). These results indicate that the model's performance can still be improved. 
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The model's performance, evaluated using an RBF kernel to distinguish between Tumor and No-

Tumor classes, is presented in Table 4. The model achieved an average accuracy, precision, recall, and 

F1-Score of 96% across both classes, demonstrating a reliable and balanced performance. 

 In addition to accuracy, precision, recall, and F1-score, the model performance can also be 

interpreted in terms of sensitivity and specificity derived from the confusion matrix. These metrics 

provide further insight into the trade-off between false positives and false negatives, which is particularly 

important in medical image classification. Although ROC-AUC was not explicitly computed in this 

study, the confusion matrix-derived metrics indicate strong discriminative capability of the RBF-based 

model in distinguishing tumor and non-tumor images. 

Table 4.  Confusion Matrix RBF Kernel. 

Class Accuracy Precision Recall F1-Score 
Tumor 0,96 0,95 0,98 0,96 

No-Tumor 0,96 0,98 0,94 0,96 

Average 0,96 0,96 0,96 0,96 

Fig. 13 presents the ROC–AUC evaluation of the best-performing RBF model. The ROC curve 

illustrates the trade-off between the True Positive Rate (sensitivity) and False Positive Rate across 

different classification thresholds. The model achieved an AUC value of 0.962, indicating excellent 

discriminative capability in distinguishing between Tumor and No-Tumor classes. The curve’s proximity 

to the top-left corner suggests that the classifier maintains high sensitivity while controlling the false 

positive rate. This result confirms that the RBF kernel demonstrates strong performance not only in 

threshold-based metrics such as accuracy and F1-score but also in threshold-independent evaluation. 

Furthermore, k-fold cross-validation results reinforce this finding, with a mean accuracy of 0.96, a 

standard deviation of 0.0063, and a 95% confidence interval ranging from 0.9512 to 0.9688. These results 

indicate consistent and stable model performance across different data partitions. Therefore, the ROC–

AUC analysis, supported by cross-validation stability, strengthens the reliability of the RBF model as 

the most effective classifier in this study. 

 

Fig. 13. Receiver Operating Characteristic (ROC) curve of the RBF-SVM classifier showing an AUC of 0.962 

for binary brain tumor classification. 

Overall, the evaluation results demonstrate that the RBF kernel consistently outperforms other SVM 

kernels across multiple performance metrics, including accuracy, F1-Score, ROC–AUC, and cross-

validation stability. The combination of high discriminative ability and low performance variability 

indicates that the model generalizes well to unseen data. These findings confirm that the RBF kernel is 

the most suitable configuration for brain tumor MRI classification in this study and provides a reliable 

foundation for subsequent analysis and potential clinical decision-support applications. 
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3.2.5. Clinical Implication 
From a clinical perspective, false negatives and false positives carry distinct and significant 

consequences. False negatives, in which tumor cases are misclassified as normal, may delay referral for 

further imaging, biopsy, or therapeutic intervention, allowing potential tumor progression and adversely 

affecting prognosis. In contrast, false positives may result in unnecessary follow-up MRI examinations, 

additional diagnostic procedures, increased healthcare expenditure, and heightened patient anxiety. 

Therefore, deployment of automated screening systems requires careful balance between sensitivity and 

specificity to mitigate these asymmetric clinical risks.  

In practical clinical workflows, particularly in high-volume MRI screening environments, the 

proposed GLCM–SVM framework may serve as a preliminary triage mechanism. By automatically 

flagging images with tumor-like texture characteristics, the system can assist radiologists in prioritizing 

cases that require immediate attention, potentially reducing diagnostic delays. 

Given its relatively low computational requirement and compact feature representation, this approach 

is especially relevant in healthcare settings with limited computational infrastructure or restricted access 

to advanced deep learning systems. Importantly, the system is not intended to replace radiologists but 

to function as a decision-support tool that complements expert judgment, supports borderline cases, 

and contributes to more efficient case management. 

4. Conclusion 
The study found that the GLCM–SVM combination yielded promising results, with varying 

accuracies across different kernels. The linear kernel achieved a peak accuracy of 72% with C = 0.1, the 

polynomial kernel reached 74% with C = 100, degree = 3, and gamma = 1, the RBF kernel attained the 

highest accuracy of 96% with C = 100 and gamma = 10, and the sigmoid kernel achieved 71% with C = 

10 and gamma = 0.01. While the RBF kernel demonstrated the highest performance, the primary value 

of this study lies in the structured and controlled benchmarking framework that enables fair and 

transparent kernel comparison. The results confirm that under identical preprocessing, feature 

extraction, and hyperparameter tuning conditions, non-linear kernels are better suited for texture-based 

MRI tumor classification. The consistent performance patterns observed across experiments further 

reinforce the robustness and reproducibility of the proposed evaluation framework. Future research may 

extend this framework by incorporating multi-angle feature aggregation strategies, expanded validation 

schemes such as cross-validation, and comparative analysis with deep learning architectures to further 

assess generalizability and computational trade-offs. 
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