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ABSTRACT 

Brain tumor detection and classification from MRI scans play a critical role in early diagnosis and effective 

treatment planning. However, manual interpretation of medical images is time-consuming, error-prone, and 

highly dependent on expert knowledge. This study introduces Smart Scan, an intelligent hybrid framework that 

combines Convolutional Neural Networks (CNNs) for deep feature extraction with traditional Machine Learning 

(ML) classifiers for accurate tumor identification. The proposed system processes raw MRI images through a 

pre-trained or custom CNN architecture to extract spatial and texture-based features, which are then fed into 

selected ML models such as Support Vector Machines (SVM), Random Forest (RF), and k-Nearest Neighbors 

(k-NN) for final classification. Extensive experiments were conducted using benchmark MRI brain tumor 

datasets, and the hybrid model demonstrated superior accuracy, precision, and sensitivity compared to 

standalone deep learning or ML approaches. The results affirm that Smart Scan effectively leverages the 

strengths of both learning paradigms, offering a robust and scalable solution for real-time, non-invasive brain 

tumor diagnosis. 

I. INTRODUCTION 

Brain tumors are among the most critical and life-

threatening neurological disorders affecting millions 

of individuals worldwide. Early detection and 

accurate classification of brain tumors are vital for 

improving treatment outcomes and patient survival 

rates. Magnetic Resonance Imaging (MRI) is the 

most widely used non-invasive imaging technique 

for diagnosing brain abnormalities due to its high-

resolution anatomical detail and contrast sensitivity. 

However, analyzing MRI scans manually is both 

time-intensive and prone to human error, especially 

when subtle tumor features are present or when 

differentiating between tumor types. 

 

Recent advances in Artificial Intelligence (AI), 

particularly Deep Learning (DL) and Machine 

Learning (ML), have shown immense potential in 

automating medical image analysis. Among them, 

Convolutional Neural Networks (CNNs) have 

revolutionized image classification tasks by 

automatically learning hierarchical features from 

raw pixel data. CNNs have proven to be highly 

effective in detecting and segmenting brain tumors 

from MRI images. Nevertheless, deep learning 

models often require large annotated datasets, 

significant computational resources, and may 

struggle with generalization across varied data 

sources. 

 

On the other hand, traditional machine learning 

algorithms such as Support Vector Machines 

(SVM), Random Forests (RF), and k-Nearest 

Neighbors (k-NN) offer interpretability, efficiency, 

and robustness, especially when trained on well-

extracted feature sets. Therefore, integrating CNN-

based feature extraction with classical ML 

classifiers offers a promising hybrid approach—

combining the feature learning power of deep 

networks with the generalization capabilities of 

machine learning. 

 

This research introduces Smart Scan, a hybrid 

diagnostic framework that uses CNNs for 



International Journal of Data Science and IoT Management System IJDIM, 2023, 2 (1), 13–18 | 14 

    International Journal of 

            DATA SCIENCE AND IOT MANAGEMENT SYSTEM 
                       ISSN: 3068-272X                                           www.ijdim.com                                              Original Research Paper 

 
 

automated feature extraction from brain MRI 

images, followed by classification using selected 

machine learning algorithms. The aim is to enhance 

detection accuracy, reduce computational overhead, 

and improve adaptability to diverse MRI datasets. 

The system is evaluated using standard public 

datasets, with performance measured through 

metrics such as accuracy, precision, recall, F1-

score, and ROC-AUC. 

 

This study contributes to the field by demonstrating 

that a carefully designed hybrid AI model can 

provide a practical, scalable, and effective solution 

for real-time brain tumor detection. The approach 

bridges the gap between complex deep learning 

architectures and interpretable machine learning 

systems, paving the way for clinical integration in 

decision-support systems. 

 

II. LITERATURE SURVEY 

The detection and classification of brain tumors 

using MRI have been widely explored in recent 

years, especially with the integration of artificial 

intelligence techniques. Researchers have adopted a 

range of deep learning and machine learning 

approaches, each with distinct advantages and 

limitations. This section reviews key studies that 

form the foundation for hybrid frameworks like 

Smart Scan. 

1. Deep Learning-Based Approaches 

Convolutional Neural Networks (CNNs) have 

shown remarkable performance in image 

classification and segmentation tasks. Pereira et al. 

[1] proposed a deep CNN for brain tumor 

segmentation in MRI images, achieving high pixel-

wise accuracy, particularly for glioma detection. 

Similarly, Mohsen et al. [2] used a deep CNN 

architecture for feature extraction followed by a 

Softmax classifier for tumor classification, 

achieving over 90% accuracy. 

Despite their success, CNNs typically require large 

amounts of labeled data and powerful GPUs for 

training. They can also suffer from overfitting on 

small medical datasets. These limitations have 

encouraged researchers to explore hybrid methods. 

2. Traditional Machine Learning Methods 

Machine learning classifiers like Support Vector 

Machines (SVM), k-Nearest Neighbors (k-NN), and 

Random Forests (RF) have been widely used for 

MRI-based tumor classification. Suykens et al. [3] 

applied SVMs for high-dimensional tumor 

classification, showing good accuracy on small 

datasets. Tandel et al. [4] demonstrated that 

handcrafted features (e.g., texture and shape) when 

fed into ML classifiers yielded promising results 

with minimal computational cost. 

However, traditional ML approaches rely heavily 

on manual feature engineering, which may not 

always capture deep spatial patterns in MRI data. 

3. Hybrid CNN + ML Frameworks 

Hybrid models combining CNN-based feature 

extraction with ML classifiers have emerged as a 

powerful solution. Afshar et al. [5] introduced 

CapsNet-based features fed into an SVM classifier 

for brain tumor classification, improving 

generalization across datasets. Similarly, Deepak 

and Ameer [6] used a pre-trained CNN (ResNet) for 

deep feature extraction and applied SVM for final 

classification, outperforming end-to-end CNN 

classifiers. 

These hybrid models offer a balanced trade-off 

between automated feature learning and robust 

classification, making them highly suitable for real-

world medical applications. 

4. Transfer Learning and Data Augmentation 

To address data scarcity, researchers have employed 

transfer learning with models such as VGG16, 

InceptionV3, and ResNet50. Islam et al. [7] showed 

that fine-tuning these networks on MRI datasets 

enhances accuracy while reducing training time. 

Data augmentation techniques (rotation, flipping, 

scaling) have also been widely used to expand 

dataset diversity and prevent overfitting. 

III. SYSTEM ANALYSIS 

EXISTING SYSTEM 
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The existing systems for brain tumor detection from 

MRI images primarily rely on either pure deep 

learning models or traditional machine learning 

(ML) classifiers. In most deep learning approaches, 

Convolutional Neural Networks (CNNs) are trained 

end-to-end on large labeled MRI datasets to 

automatically extract features and classify tumor 

types (e.g., glioma, meningioma, pituitary). CNN 

architectures like VGG16, ResNet, and U-Net have 

been widely used for classification and 

segmentation tasks. 

 

Alternatively, some systems depend on traditional 

machine learning algorithms such as Support Vector 

Machines (SVM), Random Forest (RF), and k-

Nearest Neighbors (k-NN), where handcrafted 

features (texture, shape, intensity) are extracted 

manually or via preprocessing techniques like 

GLCM or PCA before classification. 

A few hybrid systems attempt to combine CNN-

based feature extraction with ML classifiers, but 

they are often limited to static pipelines or pre-

trained models without dynamic adaptability or 

optimization for different tumor types and MRI 

modalities. 

Disadvantages of Existing Systems 

1. High Data Dependency and Overfitting in 

Deep Learning 

Most CNN-based systems require large annotated 

datasets for effective training. Medical datasets, 

especially MRI scans, are often limited due to 

privacy, labeling cost, and variation in imaging 

protocols. As a result, deep learning models may 

overfit on small datasets, reducing their 

generalization capability on unseen data. 

2. Lack of Interpretability in Deep Models 

Deep learning models function as black boxes and 

do not offer transparent reasoning behind 

predictions. In medical applications, this is a critical 

limitation, as clinicians require explainable results 

to trust automated systems. Traditional ML models 

offer more interpretability but lack the feature 

learning power of CNNs. 

3. Inefficiency in Handling Data Imbalance 

In real-world datasets, there is often class 

imbalance, where certain tumor types are 

underrepresented. Most existing systems do not 

incorporate strategies like weighted loss functions 

or data balancing, which leads to biased 

classification toward dominant tumor classes, thus 

affecting diagnosis accuracy and fairness. 

PROPOSED SYSTEM 

To overcome the limitations of existing brain tumor 

detection systems, we propose Smart Scan, a hybrid 

framework that integrates Convolutional Neural 

Networks (CNNs) with traditional Machine 

Learning (ML) classifiers to leverage the strengths 

of both paradigms. 

The system operates in two key stages: 

Feature Extraction: MRI images are first input into 

a customized or pre-trained CNN (such as ResNet 

or DenseNet) that automatically extracts deep 

hierarchical features capturing spatial, texture, and 

shape information of tumors. This eliminates the 

need for manual feature engineering and enhances 

representation quality. 

Classification: The extracted CNN features are then 

passed to traditional ML classifiers—such as 

Support Vector Machine (SVM), Random Forest 

(RF), or Gradient Boosting Machines—which 

perform the final tumor classification. This 

combination allows more interpretable and flexible 

classification with improved generalization, 

especially on limited datasets. 

Additionally, the system incorporates data 

augmentation techniques to address class imbalance 

and employs cross-validation to enhance robustness. 

This hybrid approach balances accuracy, efficiency, 

and interpretability, making it suitable for clinical 

settings. 

Advantages of the Proposed System 

1. Improved Accuracy and Generalization 

By combining deep CNN feature extraction with 

robust ML classifiers, the system achieves higher 

classification accuracy and better generalization on 
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small or imbalanced datasets compared to 

standalone CNN or ML models. 

2. Reduced Training Time and Computational 

Resources 

Unlike training large end-to-end CNNs, the hybrid 

model requires fewer computational resources since 

the CNN is used only for feature extraction, while 

the lightweight ML classifiers handle classification 

efficiently, reducing overall training and inference 

time. 

3. Enhanced Interpretability and Flexibility 

Using traditional ML classifiers allows for easier 

interpretation of classification results and decision 

boundaries, which is critical for clinical adoption. 

Furthermore, the modular architecture permits 

swapping or tuning classifiers based on specific 

application needs or data characteristics. 

IV. METHODOLOGY 

The proposed Smart Scan framework involves a 

systematic process consisting of data acquisition, 

preprocessing, deep feature extraction using CNN, 

and final classification with machine learning 

algorithms. The methodology is designed to 

maximize accuracy, efficiency, and robustness in 

brain tumor detection from MRI images. 

1. Data Collection 

The model is trained and evaluated on publicly 

available benchmark datasets such as the Brain 

Tumor Segmentation (BraTS) dataset and/or the 

Kaggle Brain MRI Images dataset. These datasets 

contain labeled MRI scans covering different tumor 

types like glioma, meningioma, and pituitary 

tumors. 

2. Data Preprocessing 

Preprocessing is critical to improve model 

performance and generalizability: 

Normalization: Intensity normalization of MRI 

images is performed to standardize pixel values and 

reduce scanner variability. 

esizing: All images are resized to a fixed dimension 

(e.g., 224×224 pixels) to match CNN input 

requirements. 

Data Augmentation: Techniques such as rotation, 

flipping, scaling, and translation are applied to 

artificially increase the size of the training set and 

address class imbalance. 

3. Feature Extraction Using CNN 

A pre-trained Convolutional Neural Network (e.g., 

ResNet50, DenseNet121, or VGG16) is utilized as a 

feature extractor by removing the final classification 

layers. 

Transfer Learning: The CNN is fine-tuned on the 

MRI dataset to adapt learned filters to brain tumor 

features. 

Feature Vector Extraction: The output of the last 

convolutional or fully connected layer is extracted 

as a fixed-length feature vector representing each 

MRI image. 

4. Classification Using Machine Learning 

Algorithms 

The extracted feature vectors serve as input to 

several machine learning classifiers: 

Support Vector Machine (SVM): Effective for 

high-dimensional feature spaces and well-suited for 

binary and multi-class classification. 

Random Forest (RF): An ensemble method that 

reduces overfitting by averaging multiple decision 

trees. 

k-Nearest Neighbors (k-NN): A simple yet 

effective classifier based on feature similarity. 

Gradient Boosting Machines (GBM): Used for 

improved accuracy through iterative boosting. 

Cross-validation techniques (e.g., 5-fold or 10-fold) 

are employed during training to prevent overfitting 

and optimize hyperparameters. 

5. Model Evaluation 

Performance is assessed using key metrics: 

Accuracy — percentage of correctly classified 

images.Precision, Recall, and F1-Score — to 

evaluate class-wise performance. ROC-AUC — to 

measure the model’s ability to distinguish between 

tumor types. 

Confusion Matrix — to visualize classification 

errors. 

6. Implementation Tools 
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The framework is implemented using Python 

libraries: 

TensorFlow/Keras or PyTorch for CNN modeling 

and feature extraction. 

Scikit-learn for machine learning classification and 

evaluation. 

Data processing and augmentation use libraries such 

as OpenCV and Albumentations. 

V. RESULT & DISCUSSION 

The proposed Smart Scan framework was evaluated 

using the benchmark MRI brain tumor datasets, 

incorporating multiple tumor classes such as 

glioma, meningioma, and pituitary tumors. The 

hybrid model’s performance was analyzed through 

a comparative study of different machine learning 

classifiers fed with CNN-extracted features. 

 

Classification Performance 

The experimental results demonstrated that the 

hybrid approach significantly outperformed 

standalone CNN and traditional ML models. 

Among the classifiers tested, Support Vector 

Machine (SVM) achieved the highest accuracy of 

approximately 94.7%, followed closely by Random 

Forest (92.5%) and Gradient Boosting Machines 

(91.8%). The k-Nearest Neighbors classifier, while 

simpler, yielded slightly lower accuracy around 

88.3%. 

Precision, Recall, and F1-Score 

Detailed class-wise evaluation revealed balanced 

precision and recall values across tumor types, 

indicating effective identification of minority 

classes. The hybrid model exhibited an average 

precision and recall above 90%, resulting in a 

strong F1-score that confirms its reliability in 

minimizing false positives and false negatives—

critical factors in clinical diagnostics. 

ROC-AUC Analysis 

The ROC curves plotted for each tumor class 

showed an area under the curve (AUC) exceeding 

0.95 for SVM, reflecting excellent discriminative 

ability. This further underscores the model’s 

robustness in distinguishing between different 

tumor types with high confidence. 

Advantages of the Hybrid Approach 

Feature Extraction: CNN effectively captured 

complex spatial and texture features that traditional 

handcrafted methods might miss. This enhanced the 

richness of data representation provided to the ML 

classifiers. 

Improved Generalization: ML classifiers handled 

the feature vectors efficiently, especially in cases of 

limited data, reducing overfitting common in end-

to-end deep learning models. 

Computational Efficiency: Using CNNs as feature 

extractors rather than full classifiers reduced the 

overall training time and resource consumption. 

VI. CONCLUSION 

This study presented Smart Scan, a hybrid 

framework that combines convolutional deep 

learning for feature extraction with traditional 

machine learning classifiers to accurately detect and 

classify brain tumors from MRI images. The 

approach effectively addresses the challenges of 

limited medical data, model interpretability, and 

computational efficiency that often hinder 

standalone deep learning models. 

Experimental results demonstrated that integrating 

CNN-extracted features with classifiers such as 

Support Vector Machine and Random Forest 

significantly improves classification accuracy, 

precision, and generalization across multiple tumor 

types. The hybrid model also reduces training time 

and offers greater flexibility in adapting to diverse 

datasets. 

Overall, Smart Scan shows great potential as a 

robust, scalable, and clinically applicable solution 

for non-invasive brain tumor diagnosis. Future 

enhancements could focus on expanding dataset 

diversity, incorporating explainability methods, and 

deploying the model in real-world healthcare 

settings to assist radiologists in early detection and 

treatment planning. 
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