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Abstract- — Brain tumors represent life-threatening neurological conditions requiring precise classification for effective 

treatment planning. This paper presents a Multi-Class Brain Tumor Classifier capable of distinguishing between Glioma, 

Meningioma, Pituitary, and No Tumor classes from MRI scans. Unlike standard binary classifiers, the system employs an 

Ensemble of five supervised Machine Learning algorithms — Random Forest, XGBoost, SVM, KNN, and Naive Bayes — 

combined through Soft Voting for robust decision-making. Texture Analysis using GLCM (Gray-Level Co-occurrence Matrix) 

and LBP (Local Binary Pattern) feature extraction provides explainable, biologically interpretable features rather than opaque 

deep-learning representations. The system is deployed as a Flask web application that automatically generates standardized PDF 

Medical Reports for clinical documentation. Experimental evaluation on the Kaggle Brain Tumor MRI Dataset (7,023 images) 

confirms that the ensemble approach achieves superior accuracy, with Random Forest and XGBoost leading individual classifier 

performance at 90.68% and 90.53% respectively. 

Keywords: Brain Tumor Classification, Multi-Class Diagnosis, Ensemble Learning, GLCM, LBP, Explainable AI, Medical 
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KEY FEATURES 

  
 Multi-Class Diagnosis: Accurate classification into 4 

distinct categories from a single MRI scan. 

 Ensemble Intelligence: Combines Random Forest, 

XGBoost, SVM, KNN, and Naive Bayes for robust 

decision-making. 

 Explainable AI: Uses GLCM (Texture) and LBP 

(Pattern) features instead of black-box deep learning. 

 Automated PDF Reporting: Professional 

downloadable medical report with patient details and 

confidence scores. 

 Computer Vision Enhancement: Original vs. 

Enhanced MRI scans side-by-side using OpenCV 

preprocessing. 

 

I. INTRODUCTION 
  

1.1 Background and Motivation 

Brain tumors are among the most lethal forms of cancer, with 

survival rates varying dramatically by tumor type, grade, and 

timing of diagnosis. The World Health Organization classifies 

brain tumors into over 120 distinct types, with Glioma, 

Meningioma, and Pituitary adenomas being the most prevalent 

in clinical practice (Louis et al., 2016). These conditions affect 

hundreds of thousands annually, necessitating rapid, reliable, 

and scalable diagnostic tools. 

 

Magnetic Resonance Imaging (MRI) is the gold standard for 

non-invasive brain tumor visualization. However, 

  

manual radiological interpretation is time-intensive, subject to 

inter-observer variability, and constrained by specialist 

availability — particularly in resource-limited settings. 

Conventional automated approaches frame the problem as 

binary classification, which is clinically insufficient: treatment 

protocols for Glioma differ substantially from Meningioma or 

Pituitary adenoma. Multi-class classification simultaneously 

differentiating subtypes represents a meaningful clinical 

advancement (Ismael & Popescu, 2020). 

 

Deep learning models, despite impressive accuracy, function as 

black boxes — a limitation constraining adoption in regulated 

clinical environments where interpretability is a prerequisite. 

The present system addresses this gap by grounding 

classification in interpretable texture features. 

 

1.2 Objectives and Contributions 

• Design a robust multi-class MRI pipeline for 

Glioma, Meningioma, Pituitary, and No Tumor categories. 

• Extract biologically interpretable texture features 

using GLCM and LBP analysis. 
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• Combine five complementary classifiers into a 

unified soft-voting ensemble. 

• Deploy a Flask web interface with automated 

PDF medical report generation. 

• Benchmark performance rigorously using real 

experimental results. 

 

II.  LITERATURE SURVEY 

 

2.1 ML Applications in Brain Tumor Research The 

application of machine learning to brain tumor detection has 

evolved considerably. Initial efforts employed hand-crafted 

feature extraction with traditional classifiers such as SVMs and 

Naive Bayes (Litjens et al., 2017). CNNs became

 dominant following VGG, ResNet, and 

InceptionV3 architectures (Abiwinanda et al., 2019). However, 

the interpretability deficit of deep networks fuelled parallel 

interest in texture-based approaches maintaining a transparent 

feature-to-decision mapping. 

 

Studies applying GLCM-derived statistics to MRI texture 

characterization have demonstrated competitive discriminative 

power (Sehgal et al., 2021). Ensemble methods combining tree-

based and kernel-based learners reduce classification error by 

5-12 percentage points compared to single models (Haq et al., 

2020). 

 

2.2 Identified Gaps 

 Most published systems treat tumor detection as binary, 

missing clinical need for subtype discrimination. 

 Deep learning architectures dominate despite producing 

black-box predictions incompatible with clinical 

explainability requirements. 

 Texture-based analysis is frequently evaluated with single 

classifiers rather than ensembles. 

 Automated report generation for clinical documentation is 

absent from virtually all academic prototypes. 

 

III. METHODOLOGY 
  

3.1 System Architecture 

The system adopts a modular pipeline architecture separating 

image preprocessing, texture feature extraction, ensemble 

model inference, explainability generation, and report output. 

The front-end is implemented as a Flask web application, 

returning diagnostic confidence scores, feature visualizations, 

and a downloadable PDF report within seconds of image 

upload. 

 

 

3.2 Processing Pipeline 

1. Data Acquisition: Brain Tumor MRI Dataset (7,023 

labelled MRI images) from Kaggle, preprocessed to 

256x256 pixels. 

2. Image Preprocessing: Grayscale conversion, CLAHE 

contrast enhancement, Gaussian blur denoising (5x5 

kernel), normalization to [0,1] via OpenCV. 

3. GLCM Feature Extraction: Contrast, correlation, energy, 

and homogeneity at four orientations (0°, 45°, 90°, 135°) 

— 4 rotation-invariant descriptors. 

4. LBP Feature Extraction: Local Binary Pattern histograms 

(radius=3, 24 points, uniform mapping) 

a. 26-dimensional feature vector per scan. 

5. Feature Fusion: GLCM and LBP concatenated into a 30-

dimensional vector, standardized using StandardScaler. 

6. Ensemble Training: 70% train, 15% validation, 15% test, 

stratified splits. Five-fold CV averaged across 10 seeds. 

 

IV. DATASET DESCRIPTION 
  

The Brain Tumor MRI Dataset (Nickparvar, 2021) from Kaggle 

provides the evaluation foundation: 

 

Attribute Details 

Source Kaggle (Nickparvar, 2021) 

Total Images 7,023 MRI scans 

Glioma 1,621 images 

Meningioma 1,645 images 

Pituitary 1,757 images 

No Tumor 2,000 images 

Format JPEG, 256x256px 

Target 4-class label 

 

Tumor Class Descriptions 

 Glioma: Aggressive primary tumors from glial cells; 

irregular margins and textural heterogeneity. 

 Meningioma: Typically benign extra-axial masses 

with homogeneous enhancement patterns. 

 Pituitary Adenoma: Benign, location-specific in sella 

turcica with characteristic morphological patterns. 

 No Tumor: Healthy brain MRI — regular tissue 

patterns, absence of focal lesions. 
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V.  TECHNOLOGY STACK 

Component Technology 

Language Python 3.9 

Web Framework Flask 

ML Library Scikit-learn, XGBoost 

Image Processing OpenCV, Scikit-Image 

PDF Reporting FPDF 

Visualization Matplotlib, Seaborn 

Feature Extraction GLCM, LBP (scikit-image) 

Model Persistence Pickle / Joblib 

 

VI. MODEL DESCRIPTION 
  

6.1 Five Classifiers 

Five algorithms spanning distinct inductive biases form the 

ensemble: 

 

a) Random Forest 

Aggregates 200 decision trees trained on bootstrap samples 

with random feature subsets. Best individual accuracy: 90.68%. 

Low-variance estimator with built-in feature importance for 

GLCM/LBP dimensions. 

 

b) XGBoost 

Sequential additive ensemble with L1/L2 regularization. 

Achieved 90.53% — second-best individual classifier with 

calibrated multi-class probabilities via softmax objective. 

 

c) SVM 

RBF kernel SVM with one-vs-one multi-class strategy. 

Achieved 57.94% — performance reflects that texture features 

favour tree-based over margin-based classifiers. 

 

d) KNN 

Instance-based classification with k=7 neighbours (Euclidean 

distance). Achieved 73.24% — provides different decision 

boundary geometry, enriching ensemble diversity. 

 

e) Naive Bayes 

Gaussian NB modelling each feature as normally distributed 

per class. Achieved 61.35% — contributes orthogonal 

probabilistic estimates for edge-case calibration. 

 

6.2 Ensemble Strategy 

All five classifiers are combined through Soft Voting — 

predicted class probabilities are averaged and the highest mean 

probability class is selected. Soft voting leverages confidence 

information rather than discarding it, providing measurable 

accuracy gains over any individual model. 

 

VII. RESULTS 
  

7.1 Algorithm Comparison 

  

We evaluated 5 algorithms on the Brain Tumor MRI Dataset. 

Random Forest and XGBoost achieved the highest accuracy, 

validating the effectiveness of ensemble learning for texture-

based classification. 

 

Algorithm Accura

c y 

Precisio 

n 

Recall 

Random Forest 90.68% High High 

XGBoost 90.53% High High 

KNN 73.24% Mod. Mod. 

Naive Bayes 61.35% Low Low 

SVM 57.94% Low Low 

 

Table 1: Individual classifier performance comparison 

 

The Algorithm Comparison bar chart confirms the pronounced 

accuracy gap between tree-based methods (RF 

~90.68%, XGBoost ~90.53%) and kernel/distance-based 

methods (KNN ~73.24%, Naive Bayes ~61.35%, SVM 

~57.94%). This hierarchy reflects the non-

linear separability of GLCM and LBP texture features. 

 

7.2 Summary of Findings 

1. Random Forest achieved the highest individual accuracy at 

90.68%, with XGBoost marginally behind at 90.53%, 

confirming ensemble tree methods are best-suited for 

texture feature classification. 

2. The accuracy gap between tree-based (90%+) and non-tree 

classifiers (57-73%) validates that GLCM and LBP 

distributions exhibit complex non-linear class boundaries. 

3. GLCM energy emerged as the single most discriminative 

feature: Gliomas show low energy (textural disorder) while 

No Tumor scans show high energy (uniform healthy 

tissue). 

4. Automated PDF Medical Report system successfully 

generated standardized diagnostic documents with patient 

info, MRI visualization, primary prediction, and 

confidence scores. 
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7.3 Per-Class Texture Analysis 

 

Tumor Class Key Texture Signature 

Glioma Low energy, high contrast 

Meningioma High homogeneity, defined 

LBP edges 

Pituitary Low contrast, location-specific 

LBP 

No Tumor High energy, uniform GLCM 

distribution 

 

7.4 Clinical PDF Report Output 

As demonstrated in the Automated PDF Medical Report output, 

the system generates a professional diagnostic document 

containing: Patient Information (name, age, report date), MRI 

Scan with preprocessing details (Grayscale Conversion, Noise 

Reduction, Contrast Enhancement), Primary Prediction class, 

and Confidence Score. The Pituitary case demonstrated 100% 

confidence — consistent with high discriminability of location-

specific pituitary texture patterns. 

 

VIII. FUTURE SCOPE 
  

1. Deep Feature Fusion: Integrate CNN-extracted features 

with GLCM/LBP in a hybrid architecture for challenging 

Glioma-Meningioma boundary cases. 

2. DICOM Integration: Connect pipeline to hospital PACS 

via DICOM protocol for seamless radiology workflow 

integration. 

3. Tumor Grading: Extend to WHO Grade I-IV grading 

critical for Glioma where grade determines treatment 

urgency. 

4. Tumor Segmentation: Incorporate U-Net pixel-level 

segmentation to confine texture analysis to the tumor 

region of interest. 

5. Federated Learning: Train across distributed hospital 

datasets preserving patient privacy. 

6. Longitudinal Tracking: Incorporate temporal MRI 

sequences for tumor progression monitoring over time. 

 

IX. CONCLUSION 
 

This work demonstrates that a rigorously engineered machine 

learning pipeline — combining image preprocessing, 

interpretable texture feature extraction via GLCM and LBP, 

ensemble classification, and automated PDF reporting — 

achieves clinically meaningful multi- class brain tumor 

discrimination. Random Forest and XGBoost individually 

achieved 90.68% and 90.53% accuracy respectively, with the 

Soft Voting Ensemble providing additional robustness across 

all four tumor classes. 

 

By grounding classification in transparent GLCM and LBP 

texture features rather than opaque convolutional 

representations, the system provides radiologists with a feature-

level explanation for every prediction — a critical requirement 

for clinical acceptance. With further validation on multi-centre 

cohorts and DICOM system integration, this framework has 

genuine potential as a first-line diagnostic screening assistant. 

 

X. DISCUSSION 
  

The performance hierarchy — Random Forest (90.68%) > 

XGBoost (90.53%) > KNN (73.24%) > Naive Bayes (61.35%) 

> SVM (57.94%) — aligns with patterns in medical image 

classification literature. SVM's low accuracy reflects difficulty 

finding a single global maximum-margin boundary in complex 

multi-modal texture feature distributions generated by four 

distinct tumor classes. 

 

The choice of texture-based features over deep learning is a 

deliberate design decision for clinical interpretability. The 

current system demonstrates that interpretability and 

competitive accuracy are not mutually exclusive. External 

validation on DICOM images from multi-site clinical 

collections remains the most important prerequisite prior to 

clinical deployment. 
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