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Abstract:

Early and accurate detection of brain tumors from Magnetic Resonance Imaging (MRI) plays a pivotal
role in improving clinical diagnosis and patient survival rates. Manual review of large volumes of 2D
MRI slices is labor-intensive and prone to human error. In this paper, we present an automated machine
learning framework for the binary detection (Tumor vs. Non-Tumor) and multi-class classification
(Glioma, Meningioma, Pituitary, and No Tumor) of brain lesions using deep Convolutional Neural
Networks (CNNs) combined with classical machine learning classifiers. By applying preprocessing
techniques including spatial resizing, intensity normalization, and data augmentation, our proposed
model achieves a classification accuracy of 97.5%, outperforming traditional machine learning baselines
such as Support Vector Machines (SVM) and Random Forest (RF). Furthermore, we incorporate
Gradient-weighted Class Activation Mapping (Grad-CAM) to visualize high-attention spatial features,
providing a lightweight, interpretable, and highly reliable computer-aided diagnostic tool for clinical
environments.

Index Terms—Brain Tumor Detection, Image Classification, Deep Learning, Convolutional Neural
Networks (CNN), Support Vector Machines, Grad-CAM, Medical Imaging, Feature Extraction.

1. INTRODUCTION

Brain tumors represent abnormal tissue growths within the central nervous system that can cause severe
neurological deficits if left undiagnosed. Diagnostic imaging, particularly Magnetic Resonance Imaging
(MRI), serves as the non-invasive gold standard for inspecting soft brain tissue.

However, detecting subtle pathological variations in high-resolution MRI scans requires extensive expert
evaluation. Computer-Aided Diagnosis (CAD) systems powered by Machine Learning (ML) and Deep
Learning (DL) offer an effective solution by automating image analysis, reducing clinician workload,
and accelerating diagnostic decision-making.

While deep volumetric segmentation requires complex 3D coordinate tracing and restricted clinical
licenses, 2D tumor detection and classification focuses on identifying the presence and specific
category of a tumor from standard 2D MRI slices. This paper evaluates multiple machine learning

AlJFR26047129 Volume 7, Issue 4 (July-August 2026) 1


http://www.aijfr.com/

Advanced International Journal for Research (AIJFR)
E-ISSN: 3048-7641 e Website: www.aijfr,.com e Email: editor@aijfr.com

paradigms to establish a lightweight, highly accurate, and interpretable pipeline for automated tumor
identification.

2. METHODOLOGY
The proposed brain tumor detection pipeline consists of four sequential stages: Data Acquisition &
Preprocessing, Feature Extraction, Model Training, and Performance Evaluation.

A. Preprocessing & Data Augmentation
Raw MRI scans exhibit variations in contrast, slice dimensions, and noise levels. To standardize inputs:
1. All 2D slices are resized to a uniform spatial resolution of $224 \times 224 \times 3$ pixels.
2. Pixel intensities are normalized to a $[0, 1]$ range to accelerate gradient descent convergence.
3. Data augmentation techniques (random rotation of $\pm 15™\circ$, horizontal flipping, and
brightness adjustment) are applied to prevent model overfitting.

[ Input MRI Slice ] > [ Preprocessing Layer | > [ Deep Feature Extraction ]
(2D Axial MRI Scan) * Image Resizing (224x224) * Convolutional Filters
* Intensity Normalization * Feature Map Generation
» Augmentation (Flip/Rotate)

v
[ Final Diagnosis | < [ Model Classification | < [ Fully Connected Layers ]
* Tumor Detected / * Softmax Activation * Dense Neural Network
No Tumor * SVM / RF Comparison * Dropout Regularization

* Subtype Categorization

B. Machine Learning & Deep Learning Architectures
We evaluated both classical machine learning and deep learning approaches:

e Support Vector Machines (SVM): A supervised algorithm utilizing a Radial Basis Function
(RBF) kernel to classify extracted statistical texture features (e.g., contrast, energy,
homogeneity).

e Random Forest (RF): An ensemble learning approach utilizing decision trees to evaluate
extracted feature vectors.

e Convolutional Neural Network (CNN): A custom deep learning architecture consisting of
stacked 3X3 convolution layers, Rectified Linear Unit (ReLU) activations, Max-Pooling (2X2),
and Dense layers with Dropout (0.5) to learn high-level spatial patterns automatically.
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Pictorial & Structural Representation of a 3D CNN & Its Working

PICTORIAL REPRESENTATION OF A 3D CNN WORKFLOW

[ Input MRI Volume ] [ 3D Convolution Layer ] [ Pooling / Downsampling ]
(128 x 128 x 128 x C) (Kernel: 3x3x3 Filters) (Max-Pooling 2x2x2)

1
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|
v
v
[ Multi-Scale Encoder ] < > [ Latent Bottleneck ]

1 1
| High-Res Local | > | Low-Res Global |

Skip Connections

| Spatial Features | | Feature Maps |
| ]
|
v
[ Output Mask ] [ Softmax Activation ] [ 3D Upsampling Decoder ]
T ! T | 1
| Voxel-wise Class | «<——| Class Probabilities | = | Reconstructs to
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Fig. 1. 3D CNN model

Step-by-Step Working Mechanism of a 3D CNN:

1. Volumetric Input Kernel Operations: Unlike 2D CNNs that operate on flat matrices (H X W),
a 3D CNN slides a three-dimensional kernel (kn XkwXKq) across the spatial height, width, and
depth planes simultaneously.

2. Feature Extraction: Early convolutional layers detect low-level geometrical features (edges,
anatomical boundaries, tissue contrast changes). Deep convolutional layers merge these into
high-level semantic representations (identifying necrotic tissue, fluid edema, active tumor core).

3. Downsampling (Pooling / Strided Convolutions): Reduces spatial volume while retaining
dominant features, allowing the network to expand its receptive field.

4. Reconstruction & Skip Connections: Upsampling layers (3D Transposed Convolutions) restore
spatial resolution. Skip connections concatenate early fine-grained spatial maps with deep
semantic feature maps to preserve sharp boundary details.
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2D BRAIN MRI CLASSIFICATION SAMPLE VISUALS

[1] GLIOMA [2] MENINGIOMA [3] PITUITARY TUMOR
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» Infiltrative growth + Dural attachment + Sellar region lesion

+ Ill-defined borders + Smooth, well-defined + Proximity to optic chiasm
+ Heterogeneous texture * Homogeneous enhancement + Uniform tissue density

Fig. 2. Representative 2D T1-weighted axial brain MRI structural characteristics across three primary
lesion categories: (1) Glioma displaying irregular infiltrative tissue margins, (2) Meningioma showing a
well-delineated extra-axial mass attached to the dura mater, and (3) Pituitary tumor located within the
sellar region.

3. VISUAL DATA REPRESENTATION & MODEL INTERPRETABILITY

A. Morphological MRI Visual Characteristics

Standard T1-weighted contrast-enhanced 2D MRI scans exhibit distinct structural variations depending
on the underlying tumor pathology:

B. Spatial Feature Activation & Grad-CAM Visualizations

When processing an MRI slice, intermediate convolutional layers extract low-level edges and high-level
tissue textures. To ensure clinical interpretability, Gradient-weighted Class Activation Mapping (Grad-
CAM) generates spatial heatmaps that highlight the exact image regions influencing the network'’s
predictions:

FEATURE MAP & GRAD-CAM HEATMAP GEMERATION IM CNN PIPELIME

Raw Input Scan (MRI) Conv Layer Activations Grad-CAM Heatmap Overlay

—
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[

Original Tlce MRI Slice Edge & Texture Extraction High-Attention Region
(Focuses on Tumor Core)

Fig. 3. Grad-CAM feature activation pipeline: Raw input slice, intermediate convolutional activation
map isolating contrast variations, and final class activation map overlay focusing high attention values
on the pathological lesion.
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4. EXPERIMENTS & RESULTS

The system was evaluated using an open-access, publicly available brain tumor MRI classification
benchmark dataset comprising 7,023 image slices across four distinct classes: Glioma, Meningioma,
Pituitary, and No Tumor. The dataset was partitioned into 80% training and 20% testing sets.

TABLE I: Performance Comparison of Machine Learning Models

Model Architecture Accuracy | Precision | Recall (Sensitivity) | F1-Score
Logistic Regression (LR) 84.2% 0.83 0.84 0.83
Support Vector Machine (SVM) | 92.1% 0.91 0.92 0.91
Random Forest (RF) 93.8% 0.93 0.94 0.93
Proposed CNN Model 97.5% 0.97 0.98 0.97

5. ANALYSIS & DISCUSSION
A. Model Performance Evaluation
The experimental results demonstrate the clear superiority of deep feature representations over
traditional hand-crafted feature extraction techniques:
e Custom CNN Performance: The proposed CNN model achieved the top performance across all
evaluation metrics, reaching an overall classification accuracy of 97.5% and a recall score of
0.98. High recall is vital in medical diagnostic systems, as it directly minimizes false negatives
(preventing undiagnosed tumors).
e Classical ML Comparison: Traditional algorithms like Random Forest (93.8%) and SVM
(92.1%) exhibited strong baseline performance. These traditional models remain useful options
for low-power edge devices where compute resources and GPU memory are strictly limited.

B. Grad-CAM Interpretability in Diagnostics

Deep learning models are often criticized as "black box" systems. Integrating Grad-CAM heatmaps
addresses this issue by verifying that the network is focusing on actual anatomical lesions rather than
irrelevant background artifacts or scanner noise. As shown in Fig. 2, the highest activation gradients
align directly with the primary tumor mass, building clinical trust in automated computer-aided
predictions.

C. Computational Efficiency and Deployment
Compared to 3D volumetric segmentation models, 2D image classification offers major practical
advantages:
1. Low Memory Footprint: 2D inputs (224 X 224 X 3) require significantly less RAM and
processing power during both training and inference.
2. Real-Time Screening: Average inference latency is under 15 milliseconds per scan slice,
enabling instant screening in busy clinical workflows.
3. Open Access Compliance: Utilizing standard open-access 2D classification datasets (such as
Figshare and Kaggle) ensures full adherence to open science research standards without complex
regulatory overhead.
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6. CONCLUSION

In this paper, we presented a comparative study of machine learning and deep convolutional neural
networks for automated brain tumor detection and classification from 2D MRI scans. By leveraging
automatic spatial feature extraction and data augmentation, the proposed CNN model achieved a top
classification accuracy of 97.5%, outperforming standard classical algorithms like SVM and Random
Forest. Integrating Grad-CAM spatial activation heatmaps ensures model transparency by confirming
that predictions are driven by authentic tumor pathology. The simplicity, high accuracy, and
interpretability of this framework provide a reliable foundation for computer-aided diagnostic tools in
modern clinical radiology.

Future work will focus on deploying this model as a lightweight web service and expanding the dataset
to include multi-center clinical scans for testing real-world domain generalization.
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